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Summary 
Malaria control has been and is in the world spotlight for over 50 years and had been marked 
by a proliferation of research studies, as interest in finding new control methods increased. 
Along the full spectrum from malaria control to prevention of reintroduction emphasis on 
surveillance and response has been made if gains in the fight against the disease are to be 
realized. International funding for anti-malaria related activities has also been up-scaled and 
sustained with a significant amount of it focusing on the high burden countries in the sub-
Saharan region of continental Africa. Understanding the complex interactions between 
malaria vectors, parasites and human hosts is key to control and elimination of the disease. 
Geostatistical methods involving the use of remote sensing (RS) techniques and geographic 
information system (GIS) tools have proven to be an effective way of estimating spatial and 
temporal effects of environmental determinants on disease outcomes. They also allow us to 
produce model-based maps which could be used to predict the disease at explicit geographic 
scales thus aiding targeted control.  
 
In the context of surveillance, preparedness and response we explored potential methods and 
tools that could be used for surveillance by malaria control programmes in very low endemic 
settings like Swaziland. In this country, malaria has drastically declined and the country is 
currently in its elimination stage as it entered the critical 3-year phase from 2015 to 2018 
where it is anticipated that it will receive certification from the World Health Organization 
(WHO) as a malaria free country. Spatially explicit maps on micro-epidemiological 
heterogeneities as well as space and time trends and patterns in malaria transmission are 
needed to aid the country to target and prioritize interventions in this critical phase as it deals 
with individual episodic cases. Currently achieving malaria elimination remains operationally 
challenging due to the ever present threat of imported cases from nearby endemic regions and 
from uncensored immigration. Also the turnaround time from data collection, processing and 
use for planning purposes is too long for rapid response actions. Therefore a rapid response 
surveillance system is needed in order to achieve elimination and prevent reintroduction after 
elimination.  
 
Chapter 1 presents the overall background informing this study including the rationale for 
undertaking this PhD work. The role of surveillance in malaria control and elimination as well 
as the importance of rapid response in malaria elimination were also presented. We showed 
the progress the country has made from the establishment of the malaria control unit in the 
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1940s to present time. Our study focused on the use of environmental data for disease 
surveillance. Therefore we detailed the environmental factors associated with malaria 
transmission and demonstrated how they were interlinked with disease incidence. Such 
factors included temperature, precipitation and humidity. The use of earth observation (EO) 
data derived from RS techniques was also presented. Tools that could be used to support 
surveillance such as GIS and global positioning systems (GPS) are also discussed. We look at 
the current malaria situation in Swaziland with emphasis on the latest developments following 
the scaling up of malaria interventions in that country. 
 
In chapter 2 we emphasised the importance of mapping potential vector breeding sites in 
Swaziland using high resolution remotely sensed data in conjunction with entomological data 
to aid larval source management (LSM) strategies. We used larva scooping methods to 
identify potential breeding sites in the country and those identified were fed into a decision 
tree induction algorithm and a logistic regression to assess which environmental factors 
characterised larvae presence or absence. Both approaches reliably distinguished between the 
two set of scenarios of larvae presence or absence and identified the same environmental 
predictor related to human activity (subsistence farming) as key determinant of potential 
vector breeding. Models linking presence of larvae with high resolution land-use variables 
were found to have good predictive ability. Thus we produced a map of predicted potential 
breeding sites at explicit geographic scales to assist the malaria control programme in 
planning its LSM budget. 
 
There are many environmental proxies that have been proposed by ecologists and remote 
sensing experts which have a potential for use in vector-borne disease mapping. However, 
their uptake by epidemiologists has remained notoriously slow. Therefore in chapter 3 we 
investigated the litany of available RS variables that could be used in vector-borne disease 
mapping studies. We reviewed literature on available sources of remotely sensed data and 
presented a library of supplier processed variables and those that need to be derived by the 
end-users and processed at different levels before being incorporated into disease mapping 
studies. We discussed the reasons and criteria used to select the proxies described and 
presented in our catalogue. Indices investigated were limited to those related to EO data 
products with continental or global coverage scales, and were grouped according to 
meteorology, land use/cover, cartography and urban mapping variables which could be used 
as proxies for disease suitability mapping. We found numerous indices that have been derived 
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by ecologists and remote sensing experts from the various satellite sensors that have been 
launched over the years. However, they have remained underutilized in epidemiology partly 
because of lack of remote sensing skills needed to derive them and partly because they were 
not high demand variables and therefore not provided by remote sensing agents and suppliers 
of remotely sensed data.  
 
In chapter 4, we explored different scenarios for malaria incidence risk by investigating the 
environmental effects of weekly distributed lags in Swaziland. A Bayesian geostatistical 
model based on polynomial distributed lags function was developed to assess how different 
environmental and socio economic factors influenced malaria incidence in the country. We 
then produced model based spatially explicit maps of predicted malaria incidence risk which 
could be used by the control programme to target their control interventions for high impact.  
 
In chapter 5, we evaluated some of the new and potential indices for epidemiological studies 
by testing and comparing their use in predicting malaria incidence risk in Swaziland. We 
discussed the inclusion criteria and choice of the selected variables for malaria incidence risk 
prediction in the country. This was necessitated by the fact that new satellites have been 
launched with much improved sensor capabilities than previous first generation sensors. 
Sensor improvements are noticeable in the number of spectral bands, spatial and temporal 
resolutions, thus presenting unprecedented good image sources for identification of spatial 
heterogeneities, trends and patterns in disease mapping by epidemiologists. We ended with 
emphasising the importance of why this research work was carried out including discussing 
the key findings and overall message that came from this study. The contributions that had 
been made by this study are also discussed as well as remaining research work that could be 
undertaken as follow up.  
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1.1 Global malaria burden and progress in Swaziland 
According to the World Malaria Report (2015), about 3.2 billion people are at risk of 
malaria worldwide with an estimated incidence risk of more than one malaria case per 
1000 population. In addition, there were 214 million new cases and an estimated 438 
000 deaths of which 90% occurred in the African region. Although millions more 
survive malaria episodes, they still suffer from severe anaemia and permanent 
neurological damage (Hotez, 2008). The UN Secretary General Ban Ki-Moon in April 
2008, called for a universal coverage by 2010 to halt malaria deaths. Whereas 
international and domestic funding has increased to US$ 2.5 billion, there is still a gap 
of US$ 6.2 billion to reach the estimated US$ 8.7 billion needed to achieve universal 
access to malaria interventions per year. According to Hsiang, et al. (2012) global 
progress in malaria control has led to increased interest in and optimism for 
elimination. However, such optimism must be guided by evidence based decisions 
and in this regard optimal ways to disburse the limited funding resources have to be 
sought in order to ensure that the available resources are targeted to areas where they 
are mostly needed and where they are likely to have the greatest impact.  
 
Out of a total of 99 countries that remain endemic, 32 are moving towards 
elimination, including four in sub-Saharan Africa and these include:  Swaziland, 
Botswana, Namibia and South Africa. In order for countries to effectively progress 
towards elimination and further sustain and maintain zero local transmission there is 
need to develop strong surveillance methods and tools in order to aid preparedness 
and response. Bayesian spatio-temporal modelling methods can be used in 
identification, management and targeting response to malaria incidence areas and in 
understanding spatial heterogeneities in malaria distributions. Strengthening malaria 
surveillance systems has been identified as critical in high burden countries; however, 
the same is critical for low burden countries which are still susceptible to resurgence 
of the disease as seen in Madagascar and Zanzibar (Curtis, 2002; Romi, 2002). 
Surveillance is the single malaria intervention that is relevant throughout all the 
phases of the malaria elimination continuum from control to prevention of re-
introduction.    
 
Swaziland has already set an elimination target by the year 2016 and has already 
halted endemic transmission (Churcher et al., 2014). It is therefore important to 
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develop models for malaria surveillance and response solution strategies in order to 
steer the country towards its malaria elimination target. In such low endemic settings 
as in Swaziland it is necessary to develop rapid surveillance systems to quickly 
identify and eliminate all local residual pockets of transmission foci. Among other 
interventions, mapping mosquito habitats is crucial in order to identify potential 
breeding sites and carry out larval source management (LSM) programmes based on 
space and time changes in the local malaria situation (WHO, 2012). While Swaziland 
is already in the elimination phase it is still faced with the challenge of dealing with 
the ever present threat of imported cases (Cohen et al., 2013). There is therefore a 
need to identify receptive areas in order to prevent the risk of local transmission due 
to importation and also to understand what strategies and responses are needed in 
order to deal with importation.  
 
The use of Bayesian spatio-temporal methods in malaria mapping and prediction i.e 
forecasting is essential for disease monitoring solutions, pockets of transmission 
identification and for prevention of possible disease outbreaks through proactive 
efforts. Achieving elimination remains an operationally challenging effort which 
requires strong evidence-based and targeted interventions (Feachem, 2009). Such 
evidence can be realized with the use of tools and methods for rapid case-based 
mapping and case load predictions in space and time. Operational requirements for 
malaria elimination include: identifying environmental predictors of malaria, mapping 
mosquito vector habitats and identifying both remaining and emerging pockets of 
transmission. In Swaziland, these requirements have been limited inter alia by the 
high costs of Earth Observation (EO) data at finer geographic scales and lack of 
capacity in statistics to analyse the data and inform control programs and policy 
makers.  
 
The high purchase costs for EO products have resulted in malaria transmission and 
malaria risk estimation being conducted at coarse continental scales (Kulkarni et al., 
2010). This has seen a proliferation of vector distribution prediction models and 
malaria risk being done at continental scales where smaller countries like Swaziland 
may appear to be completely endemic as they are covered by a single pixel contrary to 
the true situation of spatial heterogeneities that exist on the ground. There is need to 
bridge this spatial resolution gap and guide on-the-ground control efforts with more 
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spatially detailed information. Bayesian geostatistical models relating malaria data 
with climatic predictors have been applied in many settings to guide control efforts 
(Rumisha et al., 2012; Gemperli et al., 2006; Briët et al., 2008; Giardina et al., 2012). 
This study was aimed at developing methods and tools for malaria surveillance and 
response as well as extending the use of Bayesian spatio-temporal modelling in low 
endemic settings like Swaziland.  
 
1.2 Role of surveillance in malaria control and elimination 
Surveillance is important because of its ability to provide information to malaria 
control programme managers and planners about areas where malaria incidence is 
high and about locations of the most vulnerable populations. It allows tracking of 
changes and shift in malaria incidence over time, identification of clustering, and 
potential transmission foci. Identification of pockets of malaria transmission remains a 
challenge especially for low endemic countries struggling to eliminate local 
transmission. These pockets of transmission have been identified as a source of 
malaria incidence and surveillance can be used to detect and manage them before they 
fuel onward transmission to the wider population (Bousema et al., 2012).  
 
Studies suggest that geographic clustering of disease is an indicator of residual 
pockets of transmission which have often been referred to as hotspots (Clark et al., 
2008) but there is still need to develop methods to identify such pockets and to define 
their spatial and temporal clustering in the different transmission settings. In addition, 
the remaining pockets of transmission can vary in their spatial dimension including 
their ability to trigger onward transmission to the rest of the population. For instance, 
the remaining pockets of transmission could be identified by: high malaria incidence 
rates, presence or proximity of vector breeding sites, serology prevalence, and parasite 
density (in individual or groups) including concentration of imported cases which all 
represent a reservoir of parasites. These pockets of transmission present ideal hotspots 
that can be identified and managed with effective surveillance strategies, however 
very few surveillance programmes have the capacity to rapidly map and identify such 
pockets of transmission in their routine surveillance efforts.  
 
The WHO (2012) manual for malaria control emphasises the importance of absolute 
numbers of cases and deaths as well as the incidence rates of these per 1000 
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population as important in the decision on where resources maybe allocated. The 
manual suggests that it is important to address areas where the risk is the greatest 
(most affected populations). However, pockets of transmission may not always be 
evidenced by a high concentration of cases and deaths as they could also be due to 
other factors such as proximity of breeding sites, serology prevalence including 
importation of cases. When considering the 20%/80% rule which suggest that only 
20% of the population is responsible for 80% of the infections, it means that when 
addressing only high burden areas we may be dealing with the results of the problem 
instead of the source of problem.  
 
It has also been observed that as control programmes are scaled up, endemic 
transmission declines, and imported cases become more responsible for the overall 
malaria incidence. This situation has already been reported in Swaziland where about 
90% of the malaria transmission is attributed to importation. The current surveillance 
system for malaria in Swaziland relies on the cases presenting themselves at health 
facility and the timely reporting of confirmed cases via the short message service 
(SMS) based immediate disease notification system by general practitioners. In 
addition, confirmed cases reported by passive surveillance are then followed up by the 
National Malaria Control Programme (NMCP) surveillance agents whereby the case 
is interviewed and travel history is used to classify the case as either imported or 
local. This study contributed information that could be used in the determination of 
factors to be considered when defining and specifying thresholds for active case 
detection surveillance in Swaziland. 
 
1.2.1 Importance of rapid response in malaria elimination 
Surveillance systems must be robust and responsive (Ohrt et al., 2015). Scaling up 
and strengthening of this component of public health intervention is a prerequisite for 
effective malaria control and elimination.  Targeted response must be an immediate 
action taken following identification through surveillance of any threat of infection or 
onward transmission to both populations at risk and those not at risk. Rapid detection 
of infections and delivery of appropriate response is necessary for elimination. 
According to Cao et al., (2014) surveillance for malaria elimination must include 
spatial aspect of reporting and clear timelines of response activities. It must also 
incorporate mechanisms for detecting infections (asymptomatic cases) before they 
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spread using predetermined protocol and effective strategies of surveillance and 
response (i.e in a flow chart fashion). Furthermore it is important that information 
collected from affected communities is analysed and used as the basis for preventive 
actions. In some surveillance manuals, it is suggested that the data collection and 
processing for decisions and planning is done quickly in order to prevent onward 
transmission and reduce vectorial density with vector control measures. In order to 
move forward towards elimination standard procedures and guidelines detailing which 
actions need to be taken and by whom with clear time frames still need to be 
developed in order to unpack this rapidness in surveillance response. Quantification of 
the amount of transmission risk and how it varies in space and time could be used as a 
basis for the formulation of such rapid response guidelines.  
 
According to Atkinson et al., (2012) timely identification and containment of pockets 
of infections with targeted response are important in achieving and maintaining 
elimination especially when the disease has ceased to be of priority concern to 
communities. This situation has been observed in Swaziland where endemic 
transmission has already been halted and the country now remains with very few 
sporadic local cases and thus public awareness has been dulled. Surveillance and 
response together with advocacy to maintain awareness and funding must be therefore 
tailored according to the different spectrum of endemicity in each geographic region 
(malERA, 2011). Technical guidance supported by rigorous analysis of every cost of 
intervention measure taken must be part of the elimination initiative (Premaratne et 
al., 2014). In addition defined roles and responsibilities with time frames must be part 
and parcel of localized strategies for detection and response to identified individual 
cases. A strong surveillance and response system need to be supported at all levels of 
societal cadres in order to achieve elimination (Bridges et al., 2012).  
 
1.3 Environmental factors affecting malaria transmission  
Epidemics of malaria are caused by a disturbance of the equilibrium between host, 
parasite and vector. Najera et al., (1998) define three different types of epidemics. 
Type one epidemics are caused by meteorological conditions which create temporary 
epidemics that will eventually revert back to the previous condition. Type two 
epidemics are caused by landscape changes or colonization of sparsely populated 
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areas that create a new equilibrium level of endemicity. And type three epidemics are 
caused by interruptions in measures that were controlling malaria. Meteorologically 
stimulated epidemics normally last only one season of transmission. Many areas 
experience epidemics caused by meteorological changes that occur in inter-annual 
cycles. These cycles, which have been well illustrated by ENSO (El Niño Southern 
Oscillation), have been found in many parts of the world to follow the 
paraquinquennial cycle, which means epidemics happen every 5 to 7 years, however, 
in some areas the period of the cycle is longer. Because of the periodicity of cycles 
caused by meteorological factors, there should be a way to predict epidemics based on 
the risk factors related to epidemics including: a sudden increase in the number of 
non-immunes that are exposed to malaria, a rapid increase in vectorial capacity 
(increased density of vectors or invasion of a more efficient vector), land-use change, 
and failure of control efforts.  
 
Factors that may precipitate a malaria epidemic fall into two categories: natural 
(climatic variations, natural disasters), and man-made (agricultural projects, dams, 
mining, logging, failure of control measures). Most of these factors make the physical 
environment more suitable for mosquito hatching. Other factors, such as local 
conflicts or development projects, produce massive population movements that 
expose non-immune populations to the malaria parasite. There is some evidence that 
this may already be taking place for example in Democratic Republic of Congo and 
the Central African Republic. In some areas warmer weather transforms rivers into 
puddles, while in others, it triggers rain and floods that leave behind stagnant pools. In 
both cases, the standing water serves as a perfect breeding ground for mosquitoes. 
Hotter weather also shortens the mosquitoes breeding cycle, speeding up their 
reproduction rate and it lengthens the season during which mosquitoes are plentiful. In 
warmer weather, mosquitoes are more active. Hotter temperatures reach inside 
mosquitoes’ gut and intensify the reproduction rate of disease-causing microbes, 
thereby increasing the likelihood that a single bite will cause infection. To large extent 
malaria epidemics are predictable, through environmental factors (i.e vegetation 
cover, land use and or land cover, temperature, rainfall and humidity) and local 
epidemiological knowledge. Three principal climatic and environmental factors that 
should be considered in malaria epidemiology are temperature, rainfall (precipitation) 
and humidity.  
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1.3.1 Temperature  
The life cycles of Plasmodium as well as at the Anopheles mosquito depend on 
temperature. The optimal temperature for Plasmodium reapplication within the 
mosquito is 27°C. Higher temperature increases the number of times female 
mosquitoes bite and lay eggs. The intersections of the ranges of minimum and 
maximum temperature for parasite and vector development determine the impact of 
changes in temperature on malaria transmission. The minimum temperature for 
mosquito development is between 8-10°C, the minimum temperatures for parasite 
development are between 16-20°C with P. vivax (It can exist in places with an 
average summer temperature of only 16ºC) surviving at lower temperatures than 
Plasmodium falciparum (Plasmodium falciparum needs an average ambient 
temperature of at least 20ºC). The optimum temperature for mosquitoes is 25-27°C, 
and the maximum temperature for both vectors and parasites is 40°C. There are some 
areas where the climate is optimal for malaria and Anopheles mosquitoes are present, 
but there is no malaria. This is called ―Anophelism without malaria‖ which can be due 
to the fact that the Anopheles mosquitoes present do not feed primarily on humans or 
because malaria control techniques have eliminated the parasite. If any changes, 
whether environmental or otherwise, were to occur to bring another species to the area 
that does act as a vector for human malaria, then the potential for outbreaks of malaria 
is very high since there is no immunity in the human population there. Therefore 
temperature is an important indicator for malaria transmission and was used during 
analysis in the current study. 
  
1.3.2 Precipitation  
Precipitation is another factor which affects the behaviour of Anopheles mosquitoes. 
There must be a certain level of precipitation in order to provide the stagnant water 
pools for the female mosquito to lay eggs. Anopheline mosquitoes breed in water 
habitats, thus requiring just the right amount of precipitation in order for mosquito 
breeding to occur. It is known that different Anopheline mosquitoes prefer different 
types of water bodies in which to breed. Too much rainfall, or rainfall accompanied 
by storm conditions can flush away breeding larvae (Savage et al., 1990). The amount 
and intensity of precipitation, the time in the year, and whether it is the wet or dry 
season, malaria survival is affected. Rainfall also affects malaria transmission because 
it increases relative humidity and modifies temperature, and it also affects where and 
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how much mosquito breeding can take place. Some contend that the amount of 
rainfall may be secondary in its effects on malaria to the number of rainy days or the 
degree of wetness that exists after a rain event. Nevertheless, rainfall was analysed in 
this study to assess its effect on malaria incidence in Swaziland. 
 
1.3.3 Humidity  
Anopheles mosquitoes are also affected by relative humidity. While, plasmodium 
parasites are not affected directly by relative humidity. If the average monthly relative 
humidity is below 60% (Pampana, 1969), it is believed that the life of the mosquito is 
so shortened that there is no malaria transmission. These environmental factors 
influence the pattern of malaria distribution, which varies from region to region. 
Based on long term climatic data a potential distribution of suitable malaria 
transmission in Africa was produced using long term climatic data. In Mali (Sogoba et 
al., 2007), in Ethiopia (Asnakew et al., 2009), in Botswana (Craig et al., 2007), in 
Kenya (Li et al., 2008) vegetation cover along with temperature and rainfall were used 
to predict malaria transmission rates fairly well. Anthropogenic factors like 
deforestation, irrigation, urbanization, movements of populations and economic 
changes have also shown to influence the malaria distribution. Although not directly a 
measure of humidity, in the current study the Normalized Difference Vegetation 
Index (NDVI) was used to test its association with malaria incidence. 
 
1.4 Earth Observation and malaria control 
Essentially, malaria is an environmental disease since the vector requires specific 
habitats with surface water for reproduction, humidity for adult mosquito survival and 
the development rates of both the vector and parasite populations are influenced by 
temperature. Earth Observation (EO), Geographical Information Systems (GIS), 
Global Positioning Systems (GPS), spatial modelling and geostatistics are 
increasingly being recognized as valuable tools for effective management and 
planning of malaria vector control programmes. GIS, EO, GPS and geostatistics play 
a crucial role to monitor and analyse vector distribution. In addition these tools have 
improved knowledge and understanding of the biodiversity and other environmental 
factors influencing malaria. Any vector borne disease closely related to environmental 
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conditions can be analysed using EO for surveillance, monitoring and early warning 
inter alia. Remotely sensed images of environmental proxies can be powerful 
predictors of vector distribution patterns and transmission level of malaria parasites by 
malaria vectors (Rogers, et al., 2002; Zeilhofer et al.,2007). According to Kalluri et 
al., (2007) remote sensing has been used to associate land use and land cover types 
with vector habitats based on simple classification techniques, as well as complex 
statistical models that link satellite-derived multi-temporal meteorological and earth 
observation with vector biology and abundance. A plethora of studies on remote 
sensing and epidemiology have already related EO data to vector-borne diseases. 
Remote sensing and spatial modelling have significantly improved our knowledge on 
the distribution of malaria over the last 25 years. These technologies provide an 
information platform to identify areas at risk and assist malaria vector control 
managers in directing resources and strategies. Rapid access or acquisition, analysis, 
and spatial display of data permit efficiently rapid response of management and 
evaluation, enabling the cost effective use of resources. 
 
Previous, conclusions on satellite system products were that system performance, data 
costs and long turnaround times for products hampered the use of EO data for 
epidemiology (Beck et al., 2000). However, new satellite with more rapid/efficient 
and high resolution sensors have been launched but the uptake and use of such 
products by the health sector remains low mainly due to lack of expertise at control 
programme level. For over 30 years of research aimed at creating capabilities for 
malaria control in using remote sensing, the integration of these tools into operational 
disease control management has rarely taken place ( Ceccato et al., 2005, Beck et al., 
2000). Also the extension of remote sensing into operational disease surveillance and 
control has been slow. This study used a combination of high resolution EO, 
entomological data and surveillance data to develop monitoring solutions for malaria 
surveillance, control and elimination in Swaziland. The information and models 
generated in this study added an operational and direct application to malaria control 
programmes thus bridging the gap between remote sensing and direct application in 
malaria control and general vector-borne diseases. 
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1.5 Malaria situation in Swaziland 
Swaziland, a country in southern Africa has made significant progress in malaria 
control, has achieved its lowest-ever recorded malaria burden over the past 11 years 
and it aims to achieve elimination by 2016. Malaria transmission is unstable occurring 
in the rainy season between November and May, and is closely related to the amount 
of rainfall. Plasmodium falciparum is responsible for over 99% of malaria cases. 
Vector monitoring indicates that the main malaria vector is Anopheles arabiensis 
(Swaziland Ministry of Health, 2010). In 2010, rapid diagnostic tests (RDTs) were 
introduced at all health facilities, allowing for definitive diagnosis of all malaria cases. 
Since RDTs became available, lab confirmed cases have increased from 73 in 2008 to 
196 in 2010. Clinically diagnosed cases reported have decreased by 76% from 2009 to 
2010. According to Hsiang et al., (2012) from 1999 to 2010 (Figure 1.1.0 and 1.1.1), 
annual laboratory-confirmed malaria cases decreased from 4005 to 196 (3.8 to 0.2 per 
1000 population), and suspected cases decreased from 29,374 to 3470 (27.7 to 2.9 per 
1000 population). Among the key interventions attributed to this decline is the 
sustained annual indoor residual spraying (IRS), strong surveillance system and a 
cross-border program known as the Lubombo Spatial Development Initiative (LSDI) 
that has successfully decreased malaria transmission in neighbouring southern 
Mozambique and South Africa.  
 
 
Figure 1.1.0: Malaria Incidence in Swaziland, 1946-2009 
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Figure 1.1.1: Parasitological Confirmed Cases, 1999-2011 
 
Based on the increased malaria control achievements and declining disease burden, 
the country was chosen by the African Union and SADC as one of a few countries in 
Southern Africa earmarked for malaria elimination. Swaziland then developed a 
malaria elimination strategy whose overall goal was to: reduce and sustain the locally 
acquired malaria cases to zero by 2015; reduce and sustain malaria deaths seen at 
health facilities to zero by 2015; and maintain zero locally acquired malaria cases by 
prevention of reintroduction for all years following 2015. However, recent data 
indicates that the country has failed to reach the target of zero local cases by 2015 as 
in a few months before 2015 local cases doubled from 112 in the July 2012 to June 
2013 transmission season to 204 during the July 2013 to June 2014 transmission 
season. In July 2014 to June 2015 (elimination target year) locally acquired cases 
increased further to 273 thereby forcing the NMCP to shift its target year from 2015 
to 2016. To implement the elimination strategy the NMCP of Swaziland instituted a 
reactive surveillance system in 2009 in which all cases identified in health facilities 
are reported via SMS to the NMCP. Surveillance agents then obtain the address of 
case patients and interview them at their homes and capture the Global Positioning 
System (GPS) coordinates for the patient’s house. Family members and neighbours 
living within 1 km of the case patient are screened for malaria using rapid diagnostic 
test (RDTs), and any identified case is referred to the nearest health facility where the 
patient is treated with artemisinin-based combination therapies (ACTs). 
 
The country therefore, still needs to develop effective surveillance and response tools 
and methods that are applicable in low transmission settings in order to achieve 
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elimination. WHO certification of elimination requires achieving an absence of all 
local transmission for three years, as well as a sufficiently strong surveillance system 
to prove that cases would have been identified had they occurred. According to Cohen 
et al., (2013) as Swaziland moves towards elimination of malaria, endemic 
transmission will increasingly occur in residual foci, while the importance of 
preventing onwards transmission from imported infections will increase. Recently, 
malaria importation from Mozambique accounts for over 90% of malaria transmission 
in Swaziland (Koita et al., 2013). As an example, in the recent transmission season 
from July 2015 to June 2016 imported cases were 230 compared to only 68 local 
cases. This indicates the ever increasing need for more rapid surveillance and 
response strategies for pockets of transmission identification, malaria incidence risk 
mapping and prediction in order to prevent onward transmission from imported cases. 
However such tools and methods adapted for low endemic settings characterised by 
diminishing malaria are not yet fully developed.  
 
1.6 Applications of environmental data in malaria epidemiology 
There has been an upsurge in the use of environmental data for mapping and 
predicting malaria transmission and vector distributions. Many of the environmental 
proxies used as covariates in malaria analysis models are obtained from open source 
databases and archives of remote sensing agencies. In 2015, Weiss et al., reviewed 
some of the covariates that had been used to map plasmodium falciparum endemicity. 
Variables that had been previously used were categorized into those related to climate 
such as: temperature, rainfall, humidity, vegetation indices, soil moisture, vector 
breeding site information as well as wind speed. Others included those related to 
topography such as, land use/cover, elevation, reflectancy, and spatial limits of 
malaria. In many instances socio economic proxies have also been used to weight the 
outcome of interest accordingly such as population within defined geographic areas, 
distances from services among others. The current trend shows that environmental 
data will continue to be used in disease vector-borne and epidemiological studies 
especially because the quality of the data has also improved over the years. 
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1.7 Significance of the proposed research 
This study contributed with maps of probability of larva presence at high spatial 
resolution for all potential vector breeding habitants in Swaziland which could be 
used to assist the NMCP to deliver cost-effectively larval source management 
activities. We also contributed new information and demonstrated how multi-scaled 
remotely sensed data could be used jointly in vector-borne disease mapping and 
epidemiology to produce geographically explicit and easy to visualize maps. Due to 
the low uptake of some of the new remote sensing products that have a potential for 
use in vector-borne disease mapping and epidemiology we created a catalogue of 
remote sensing indices that have such application by inventorying the products and 
their sources. Our motivation was from the fact that there are many new and emerging 
remote sensing products that are available for use from newly launched satellites, 
however little is known about them since they were not properly documented. This 
catalogue is important for epidemiologist who might want to incorporate new 
covariates in their analysis as they evaluate and investigate various environmental 
factors and their association with certain environmental driven diseases. We also 
provided for the first time estimates of the space-time patterns and trends of malaria 
incidence in Swaziland after taking into account the contribution of environmental 
factors which will assist control programmes to evaluate the efficacy of their control 
interventions when they are able to better target and prioritise their anti-malaria 
activities.  
 
The polynomial distributed lags model used in identifying the lag time between 
environmental factors and malaria incidence can further be improved by developing 
and incorporating methods and algorithms for malaria forecasting based on the 
strategy of preventive and cost-effective fashions. In addition, the model could be 
used as an interactive and real-time tool for malaria early warning as new data is 
collected and added into the model for update. Overall this study generated 
knowledge and new information which could be used by the NMCP of Swaziland as 
its targets malaria elimination by 2016. The information could also be used by policy 
makers and programme directors as it provides them with scientifically solid and 
locally responsible knowledge to guide their decision-making process. This study 
could also contribute in the malaria elimination initiative in the country where 
statistical and analytical skills are needed in order to build a strong surveillance 
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system in accordance with the elimination phase. Currently, the NMCP of Swaziland 
collects a lot of surveillance and vector control data but lacks statistical capacity to 
analyse and make use of the data for planning malaria interventions cost effectively.  
 
1.8 Objectives of the thesis 
The main aim of this study was to investigate methods and tools that aid malaria 
surveillance in low endemic settings like Swaziland. Specific objectives are detailed 
in the following sub-section. 
 
1.8.1 Specific objectives  
Consequently, the overall objective of the study was split into the following specific 
objectives which were to:  
i) Assess potential of high resolution RS images to identify breeding sites in 
Swaziland. 
ii) Review remote sensing products and their sources to assess their potential 
application in vector-borne disease like malaria mapping and surveillance 
iii) Evaluate the predictive performance of new and underutilized remote sensing 
products to estimate malaria incidence at high geographic resolution  
iv) Apply Bayesian modelling based on polynomial distributed lags to map and 
predict malaria incidence in Swaziland 
 
1.8.2 Sources of data 
Data used in this study was obtained from the NMCP in Swaziland and it included 
Active Case Investigation data (ACI), Active Case Detection data (ACD) and 
entomological data on potential breeding sites identified through larva scooping field 
campaign. Remote sensing and other environmental data was obtained from open 
source data archives such as National Aeronautics and Space Administration (NASA), 
Moderate Resolution Imaging Spectroradiometer (MODIS) and other Goddard Space 
Flight Center data archives websites. In addition, a 5 m land cover imagery was 
purchased from RapidEye (BlackBridge, Germany) through a previous project called 
MALAREO which preceded this study. The land cover imagery enabled us to map 
potential breeding sites at high spatial resolution and thus produce geographically 
explicit maps to aid the NMCP in conducting larval source management activities.  
 
1.8 Objectives of the thesis                  16 
 
 
The NMCP data was accessed through the Malaria Surveillance Database (MSD 
which houses all malaria data such as surveillance, vector control including indoor 
residual spraying and mosquito net distribution. The data was requested from the 
control programme manager. This data is also geo-coded which allows spatio-
temporal analysis to be performed. This study therefore assembled all the geo-coded 
surveillance and vector control data from 2009-2015 (monthly aggregated) and it was 
organized according to each malaria transmission season in Swaziland which is from 
July-June each year. The data was then applied in Bayesian geostatistics models to 
conduct various levels of analysis. 
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Abstract 
Many entomological studies have analysed remotely sensed data to assess the 
relationship between malaria vector distribution and the associated environmental 
factors. However, the high cost of remotely sensed products with high spatial 
resolution has often resulted in analyses being conducted at coarse scales using open-
source, archived remotely sensed data. In the present study, spatial prediction of 
potential breeding sites based on multi-scale remotely sensed information in 
conjunction with entomological data with special reference to presence or absence of 
larvae was realized. Selected water bodies were tested for mosquito larvae using the 
larva scooping method, and the results were compared with data on land cover, 
rainfall, land surface temperature (LST) and altitude presented with high spatial 
resolution. To assess which environmental factors best predict larval presence or 
absence, Decision Tree methodology and logistic regression techniques were applied. 
Both approaches showed that some environmental predictors can reliably distinguish 
between the two alternatives (existence and non-existence of larvae). For example, the 
results suggest that larvae are mainly present in very small water pools related to 
human activities, such as subsistence farming that were also found to be the major 
determinant for vector breeding. Rainfall, LST and altitude, on the other hand, were 
less useful as a basis for mapping the distribution of breeding sites. In conclusion, we 
found that models linking presence of larvae with high-resolution land use have good 
predictive ability of identifying potential breeding sites. 
 
Key words: vector breeding, remote sensing, larva scooping, malaria, Swaziland 
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2.1 Introduction 
Malaria is caused by Plasmodium parasites, which are transmitted to people through a 
bite by an infected female Anopheles mosquito. Most mosquito species oviposit in 
standing waters and pools of varied amounts and sizes depending on the preference of 
each particular species. Targeting mosquito larvae and pupae with larvicides in 
standing water or breeding sites is one of the more important intervention measures in 
the fight against, and elimination of, malaria (Clennon et al., 2010; Dambach et al., 
2014). Identification and mapping of all potential vector breeding sites is a 
prerequisite for successful vector control, especially larval source management (LSM) 
applied for effective elimination of residual foci. A national inventory of all residual 
foci is necessary if transmission is to be interrupted and remaining foci cleared 
(Chanda et al., 2013). Past statistical modelling and mapping efforts have predicted 
vector distributions at continental scales based on climatic suitability and low-
resolution remotely sensed (RS) data (Kulkarni et al., 2010). However, very few 
studies have used entomological data in conjunction with remotely sensed data to 
identify, map and predict potential malaria vector breeding sites at explicit 
geographical locations (Ahmad et al., 2011; Bøgh et al., 2007; Li et al., 2008). The 
spatial resolution of the satellite-generated imagery is crucial for identifying potential 
vector habitats, and high spatial resolutions must be applied in order to capture not 
only larger water bodies, but also smaller ones, which are potentially as important for 
breeding.  
 
Previous studies using satellite-generated imagery to identify suitable vector habitats, 
also based their approach on existing knowledge on how factors, such as temperature, 
humidity and rainfall, influence mosquito population dynamics and distribution (Beck 
et al., 2000). Dambach et al. (2009) used imagery from the SPOT-5 satellite with 
supervised classification to identify land cover types known to be suitable as 
Anopheles mosquito breeding sites.  Since no field-generated data were used in the 
analysis, the classification of relative risk was entirely based on the literature on 
Anopheles mosquito presence in different land cover types. Oesterholt et al., (2006) 
approximated vector breeding sites by assessing malaria incidence in relation to the 
distance to the nearest water body using geographical information systems (GIS). In 
their study, 10 houses were mapped and light traps were hung at the end of an 
occupied bed to catch mosquitoes. Traps were emptied and mosquito species were 
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counted and determined the following morning. The identification of potential 
breeding sites using adult mosquito entomological data relies on the ability and 
precision to map distance to the nearest water bodies rather than distance to the actual 
breeding sites, which can be assessed, for instance, through larval scooping. However 
adult mosquito dispersal could be influenced by wind speed and wind direction (Bøgh 
et al., 2007) and therefore approximating breeding sites could be challenging.  
 
Strong progress in the fight against malaria has been made in Swaziland. In 2002, 
insecticide-treated bed nets (ITNs) were introduced to complement the ongoing 
indoor residual spraying (IRS) activities. In 2008, after 15 years of progressive 
reduction of the disease burden (from 4,005 to 369 cases, the country was nominated 
to spearhead the malaria elimination in the Southern African Development 
Community (SADC), which is being pursued according to the strategic plan for the 
period 2008 - 2015 (MIS, 2010). Whereas the country has consistently and annually 
applied IRS using DDT as its mainstay vector control intervention strategy, studies 
designed to support these attempts with empirical evidence on its effect on the number 
of vector breeding sites and their distribution have not been conducted. Identification 
and elimination of residual foci along with efforts to reduce the number of local 
malaria cases to zero remains a challenge, especially if there is a lack of 
geographically explicit supporting maps to target intervention efforts. Following the 
Stockholm Convention on Persistent Organic Pollutants 
(http://sites.duke.edu/malaria/the-stockholm-convention/), many countries will soon 
have very limited supply of DDT, so optimal ways to use this chemical in high 
priority areas must be sought. This is possible with spatially explicit maps guiding 
ground IRS activities, thus avoiding the indiscriminate use of DDT that leads to 
unnecessary waste and environmental damage in addition to potentially increased 
vector resistance.    
 
The objective of this study was to analyse the relationship between environmental 
factors and malaria vector breeding sites in Swaziland by linking entomological data 
with multi-scale RS data and scooping for larvae in selected water bodies and dams, 
feeding collected information into a statistical regression model and using data mining 
tools to investigate potential associations. By this approach we aimed to contribute to 
the existing knowledge about malaria vector breeding habitats in Swaziland and 
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provide high-resolution, spatially explicit maps to assist on-going conventional 
control efforts as the country targets elimination by 2015. 
 
2.2 Material and methods 
2.2.1 Study Area 
Swaziland covers an area of 17,363 km
2
 and consists of a mountainous Highveld (the 
wet western part of the country), which has an altitude of about 1,800 m above the 
sea, and the relatively flat, dry eastern part (between 100-300 m in altitude) called the 
Lowveld (Fig. 1). The rain that falls on the Highveld flows towards the Lowveld, 
where it stagnates creating pools of standing water suitable for mosquito breeding 
because of the flat terrain and high temperatures in this dry zone. 
 
 Malaria transmission in Swaziland is prevalent along the eastern part of the country 
borders with Mozambique and north-east South Africa. Transmission occurs in the 
rainy season between November and May with a peak in February and March, 
sometimes extending to April. Transmission is unstable and follows the quantity of 
rainfall in each particular year and the amount of standing water accumulated during 
the latest rain episode. The entire population is at risk as it generally lacks acquired 
immunity and is therefore highly vulnerable. The situation is particularly serious with 
respect to pregnant women and children under the age of 5 years (MIS, 2010). 
Plasmodium falciparum dominates and about 99% of malaria cases are infected with 
this species, while infections due to the other malaria species are occasional.  
 
2.2.2 Entomological data 
The National Malaria Control Programme (NMCP) of Swaziland recently developed a 
geo-database of all potential vector breeding sites and on-going larva scooping 
activities (NMCP 2012 annual report). Data on vector control and entomology were 
extracted from the NMCP database and used in this study for an analysis including 
multi-scale RS data. Mosquito larvae were collected from 30 selected water 
body/wetland sites and peripheral shallow pools of standing water as well as water-
filled cattle hoof prints that were identified as potential breeding sites in the Lowveld 
region. Figure 2.2.1 shows the larvae sampling locations in the different 
constituencies, locally known as Tinkhundla.  
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Figure 2.2.1: Altitude map showing locations of larva sampling sites 
 
The morphology of all visible larvae in the water was closely observed in an attempt 
to collect those larvae known to be anopheline. The larvae were scooped up from 
high-density larval areas in the water and the number of larvae per scoop counted. 
Where the larval density was extremely low, or no larvae visible, about 100 scoops 
were done and the density determined on the basis of the larvae present in each one. 
Following speciation by a senior entomologist, the mosquitoes belonging to the 
Anopheles gambiae complex and An. funestus were kept in Eppendorf tubes, labeled 
and preserved in iso-propanol for later polymerase chain reaction (PCR) analysis. For 
identification purposes, the larvae from each sampling location were placed in a 
plastic bucket leaving a breeding space on top and closed with a lid. Both buckets and 
2.2 Material and methods           23 
 
 
lids were both marked to indicate the locality and date for the collection and then 
transported to NMCP’s insectary, where the larvae were transferred by pipette into 
marked plastic bowls with clean water, which was placed on a cage to secure them 
from being accidentally tilted and spilled while in the insectary. Each bowl was 
covered with a net and a cotton wool soaked in 10% sugar solution was placed on top 
for feeding. A heater was used to ensure maintenance of warm temperatures and to 
facilitate growth. When the larvae hatched and became adults, they were removed 
using a sucking tube, placed in marked paper cups and covered with a net. The 
mosquitoes were still put on the sugar solution which was placed on the side of the 
cups for daily morphological identification by the entomologist. 
 
2.2.3 Remotely sensed data 
Mosquito vector habitat requires specific characteristics, such as sufficient surface 
water for reproduction, a certain humidity level for adult mosquito survival and a 
suitable temperature  allowing acceptable development rates for both vector and 
parasite (Ceccato et al., 2005). For that reason, for a period starting 4 weeks prior to 
the study until the end of the entomological survey, Collection-5 (Land Surface, 
Temperature & Emissivity data) from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) (http://modis.gsfc.nasa.gov) was downloaded from the 
Land Processes Distributed Active Archive Center in USA (https://lpdaac.usgs.gov/) 
for land surface temperature (LST) data at 1-km spatial resolution. We relied on the 
MOD11A2 product, which is the average value of clear-sky LSTs during an 8-day 
period. In addition, a 24-day temperature average was obtained for the three weeks 
prior to the entomological survey. Rainfall estimates (RFE) at 8-km spatial resolution 
were downloaded from the Famine Early Warning Systems Network (FEWS NET) 
Africa (http://earlywarning.usgs.gov/afghan/downloads/index.php?regionID=af& -
productID=3&periodID=6). In addition, a digital elevation model (DEM) from the 
Advanced Space-borne Thermal Emission and Reflection Radiometer (ASTER) 
(http://asterweb.jpl.nasa.gov) at 30-m spatial resolution was used for altitude data. 
 
High-resolution data from the RapidEye satellite 
(http://www.satimagingcorp.com/satellite-sensors/other-satellite-sensors/rapideye/) 
obtained from the ESA Data Warehouse 
(http://gmesdata.esa.int/web/gsc/news/latest_20110607) covering the malaria-endemic 
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area of Swaziland at 6.5-m spatial resolution was used in order to determine the 
various land cover types. The RapidEye pixel resolution was resampled to 5-m pixel 
size during ortho-rectification by the data provider. A standardized atmospheric 
correction was applied to the 62 RapidEye tiles obtained to ensure consistent image 
pre-processing and thus a more reliable land cover classification. Land use/land cover 
(LULC) classification of the high-resolution data was conducted by applying an 
object-based image analysis with a predefined hierarchical Ruleset (supervised 
classification) using the software eCognition (Trimble GeoSpatial, Munich, 
Germany). The overall accuracy of the land cover classification was 80.7% with a 
Kappa coefficient of 0.78. As separate layers, high-resolution, Euclidean distance-to-
land cover layers were generated as input for the statistical modelling of potential 
mosquito breeding sites. Figure 2.2.2 shows land cover classification while Figure 
2.2.3, 2.2.4 and 2.2.5 shows as a set of three examples of distance-to-land cover layers 
used in the statistical model for prediction. The high spatial resolution of the land 
cover classes allowed the identification of small water bodies and wetlands that can be 
potential breeding sites for malaria vectors.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.2.2: land cover map covering the 
malaria-endemic area of Swaziland  
 
 
Figure 2.2.3: Distance-to-large-scale 
agriculture 
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An analysis, based on a total of 18 different environmental variables for each larvae 
sampling point (Table 2.2), was carried out with the aim of identifying which 
parameters that best describe a vector breeding focus and its environmental 
requirements (maps in Figures 2.2.6, 2.2.7, 2.2.8 and 2.2.9; Figures 2.3.0, 2.3.1, 2.3.2 
and 2.3.3). Eight LULC classes were used: settlements, subsistence farming, large-
scale agriculture, savannah, forest, bush, bare soil/rocks and roads. All eight distance-
to-land cover variables were categorized into three distance categories which were 
defined by the 33
rd
 and 66
th
 centiles. This way we were able to estimate the effect of 
the different distances on the presence or absence of vector breeding sites. Distances 
from vector breeding sites to each of the distance-to-land cover classes was defined by 
calculating the Euclidean distance from each sampling point to the centroid of the 
pixel with the specific land cover type.  
 
 
 
 
 
 
 
Figure 2.2.4: Distance-to-subsistence 
farming 
 
 
Figure 2.2.5: Distance-to-roads/tracks 
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Table 2.2: Data sources and properties of the environmental covariates used in 
predicting potential mosquito breeding sites 
Type of 
   data 
Source       Date Temporal 
resolution 
Spatial 
resolution  
Altitude DEM
1
 2012 - 30 m 
Land cover RapidEye
2
 2011 - 5 m 
 LST
3
  MODIS data
4
 01.11.2012-
05.11.2012 
8 days 1 km 
Rainfall (RF)  FEWS NET
5
 01.11.2012-
10.12.2012 
10 days 8 km 
1
Digital Elevation Model (DEM). Available a: http://asterweb.jpl.nasa.gov (accessed: 
December 2011). 
2
RapidEye satellite imagery. Available at: http://gmesdata.esa.int/web/gsc 
/news/latest_20110607  
3
Land surface temperature 
4
Processes Distributed Active Archive Center. Available at  https://lpdaac.usgs.gov/ 
(accessed February 2015) 
5
Famine Early Warning Systems Network. Available at 
http://earlywarning.usgs.gov/afghan/downloads/index.php?regionID=af&productID=
3&periodID=6 (accessed February 2015) 
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Figure 2.2.6: Land surface temperature 
(first week 
 
Figure 2.2.7: Land surface temperature 
(second week) 
 
 
Figure 2.2.8: Land surface temperature 
(third week) 
 
 
Figure 2.2.9: Land surface temperature 
(fourth week) 
 
2.2 Material and methods           28 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.3.0: Ten-day data rainfall 
estimate (RFE) first dekadal 
 
 
Figure 2.3.1: Ten-day data rainfall estimate (RFE) 
second dekadal 
 
 
 
Figure 2.3.2: Ten-day data rainfall estimate 
(RFE) third dekadal 
 
 
Figure 2.3.3: Ten-day data rainfall estimate 
(RFE) fourth dekadal 
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2.2.4 Statistical analysis  
The relationship between the above environmental factors and the presence or absence 
of larvae were analyzed using a data mining approach in the statistical software See5 
(RuleQuest Research, St Ives, NSW, Australia), which uses a Decision Tree R3 
Ruleset induction engine developed by Quinlan (1993). The algorithm classifies data 
according to independent variables and a branching method which splits the data to 
illustrate every possible outcome of a probability-based decision. ArcGIS 10.1 (ESRI, 
Redlands, CA, USA) was used to conduct zonal statistical analyses at each larval 
sampling location in order to retrieve the environmental parameters for each location. 
The Decision Tree Ruleset was thus based both on larval field data from the sampling 
points and the local environmental variables. 
 
A training dataset was used to select independent variables relevant for the 
classification of the presence of larvae and to obtain the Decision Tree Ruleset for 
classification accuracy using the field data provided. Due to the low sample size, the 
analysis was performed based on the results from all 21 positive sampling points. The 
classifier construction options in the statistical analysis were set so that it would 
provide a final Ruleset for classification of unknown water bodies/wetlands. The 
location of standing water bodies and wetlands from the high-resolution LULC map 
was afterwards applied to the final Ruleset for analysis. Based on the final 
classification rule, a map of all potential breeding sites in the malaria-endemic area of 
Swaziland was produced. 
 
2.2.5 Logistic regression 
As a first step, the data were explored for any redundancies between variables via a 
statistical correlation analysis using Pearson`s correlation coefficient. Bivariate 
analyses were performed to determine the relationship between each of the 
environmental covariates and presence of vector breeding sites using logistic 
regression (Stata Statistical Software, version 13.0). In order to evaluate and compare 
the results from the Decision Tree analysis a backward-selection, stepwise logistic 
regression analysis with a 15% significance level for removal was carried out based 
on the same input data set as used in the Decision Tree approach. Covariates included 
in the stepwise regression were all those significant at the 15% significance level in 
the bivariate results. We used a 15% significance level to reduce the chance of 
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excluding important predictors from the stepwise multiple regression. This analysis 
enabled finding the most effective and parsimonious set of variables predicting the 
dependent variable (presence or absence of larvae).  
 
2.3 Results and discussion 
2.3.1 The field campaign 
Larvae were found in 21 out of the total of 30 sample sites (70%) of water bodies. 
However, these were mostly areas where it had not rained in the past two to three 
weeks prior to sampling. In areas where it had rained recently, no larvae were found 
and it was difficult to ascertain whether this was due to the fact that the site was not 
suitable or the larvae had been washed away due to the rain. In total, 152 mosquito 
larvae were collected during the field scooping campaign. Upon rearing, about 60% of 
the captured larvae was found to be An. pretoriensis and 15 % An. gambiae. The rest 
of the mosquitoes were  Culicines (20%) and Culex (5%) species. Sites where no 
larvae were found were mainly large dams, open turbulent dams and areas where rain 
was reported less than a week prior to sampling. Most of the larvae were collected 
from the edges of shallow and sheltered water bodies, but where there was enough 
sunlight. Larvae were also found in clear pools of water with little aquatic flora and 
fauna. Geographically, the highest larval densities were found in the southern and 
northern part of the Lowveld as well as on the eastern plateau bordering Mozambique. 
These were areas with large-scale irrigated farms such as sugarcane surrounded by 
subsistence farming. Excess runoff water was common in these areas as most of the 
fields had sprinklers continually wetting various parts of the field; hence drainage 
water accumulated in small depressions around each field assuring availability of 
water also in the dry season.  
 
2.3.2 Decision tree analysis 
The analysis of the 21 sample points with larvae using 18 environmental variables 
showed that the combined use of only 3 variables in 3 rules correctly classified 95.2% 
of the larvae present sites and they included: distance-to-subsistence farming, 10-day 
RFE of the second dekadal and distance-to-savannah. The variable with the highest 
attribute usage was the distance-to-subsistence farming that appeared in 90% of the 
rulesets in predicting a class. Indeed, distance-to-subsistence farming less than 216 m 
turned out to be a major determinant for vector breeding sites (Figure 2.3.4). 
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However, no relation could be found between breeding sites and distance-to-
settlements. In addition to the variable distance-to-subsistence farming, the 10-day 
RFE with 1-week lag had an attribute usage of 38% in the ruleset and the distance-to-
grassland/savannah showed an attribute usage of 33%. According to these results, the 
LST over the 4 weeks before the sampling and altitude had no influence on the 
occurrence of vector breeding sites. This was also the case for all other LULCs except 
distance-to-subsistence farming and grassland/savannah and the other three remaining 
RFEs. As a final step, the classification ruleset derived from the Decision Tree 
analysis, which used the variables distance-to-subsistence farming, distance-to-
grassland/savannah and the 10-day RFE, was applied to the wetland and water body 
layer with 5-m spatial resolution in order to identify potential vector breeding sites 
with similar environmental characteristics as those identified through the 
entomological survey. The resulting map of predicted vector breeding sites for the 
whole malaria-endemic area in Swaziland explicitly identified potential breeding sites 
at sizes from 5-m to over 100-m of standing water or dams. This high resolution map 
could be used as a guide for larval sampling activities. Figure 2.3.5. shows an 
example of the final potential vector breeding sites classification of the malaria area 
covered by the 5-m resolution RapidEye data (northern part of the Lowveld) in 
Swaziland. 
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Figure 2.3.4: Example of the spatial distribution of some sampled vector breeding 
sites and the distance-to-subsistence farming in Swaziland 
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Figure 2.3.5 Example of the final potential vector breeding sites classification of 
the malaria-endemic area covered by the 5-m resolution RapidEye data 
(northern part of the Lowveld) 
 
 
2.3.3 Logistic regression 
The exploration for variable redundancies via correlation analysis showed that the 
average temperature for the 24 days before the larval sampling,  which is an aggregate 
measure of all four temperature periods, was highly correlated with all other 
temperature variables (Pearson`s r>0.8) and was therefore removed from the analysis. 
The bivariate regression analysis indicated that the following variables were 
significant at the 15% significance level: Distance-to-subsistence farming, 
temperature and rainfall of the fourth week prior to larval sampling, altitude and 
distance-to-settlement. Results from the stepwise logistic regression suggest that the 
best model was the one including only distance-to-subsistence farming. The higher 
the distance from subsistence farming the lower the odds of presence of mosquito 
breeding sites with an odds ratio (OR) 0.21 (95%CI: 0.06-0.71) and a p-value of 0.012 
(Table 2.3). 
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Table 2.3: Analytical results using three different statistical methodologies 
 
Bivariate logistic regression Stepwise logistic regress. Decision Tree analysis 
Predictor 
OR (95%CI) p-value
1
 OR (95%CI) 
p-
value 
Ruleset 
attribute 
usage 
(%) 
Cumulative  
classificatio
n accuracy 
(%) 
 
Subsistence farming*    
 
      
 
 Distance (m): <370  1.00 
 
      
 
 Distance (m): 370-470  0.05 (0.01; 0.49) 0.003 0.05 (0.01; 0.49) 0.009 90 47.6 
 Distance (m): ≥470 m 0.21 (0.06; 0.71) 0.003 0.21 (0.06; 0.71) 0.012 90 47.6 
Rainfall in 2
nd
 week 1.03 (0.43; 2.48) 0.951   38 76.2
†
 
Distance-to-savannah     
 
      
 
  Distance (m): <150 1.00 
 
      
 
  Distance (m): 150-620 0.56 (0.90; 3.52) 0.536   33 95.2
‡
 
  Distance (m):  ≥620 
Temperature 
0.93 (0.38; 2.24) 0.864   33 95.2
‡
 
 First week 0.64 (0.25; 1.63) 0.337     
 
 Second week 0.76 (0.31; 1.87) 0.549     
 
 Third week 0.93 (0.39; 2.25) 0.873     
 
 Forth week*    3.98 (1.20; 13.23) 0.008     
 
24-day average temp. 0.75 (0.30; 1.84) 0.520     
 
Rainfall, first week 0.80 (0.33; 1.95) 0.614     
 
Rainfall, third week 0.81 (0.34; 1.97) 0.647     
 
Rainfall, forth week* 2.57 (0.85; 7.79) 0.060     
 
Altitude* 3.50 (1.08; 11.29) 0.016     
 
Distance-to-bare soil/rocks    
 
      
 
  Distance (m): 120 1.00 
 
      
 
  Distance (m): 120-700   1.20 (0.22; 6.68) 0.835     
 
  Distance (m):  ≥700 0.75 (0.30; 1.88) 0.536     
 
Distance-to-bush land    
 
      
 
    Distance (m): <420   
 
      
 
    Distance (m): 420-460 1.25 (0.22; 7.08) 0.801     
 
    Distance (m): ≥460 0.94 (0.36; 2.41) 0.890     
 
Distance-to-forest    
 
      
 
    Distance (m): < 700 1.00 
 
      
 
    Distance (m): 700-720 1.75 (0.31; 10.02) 0.528     
 
    Distance (m):  ≥ 720 0.72 (0.26; 2.00) 0.525     
 
Distance-to-agriculture    
 
      
 
    Distance (m): < 200 1.00 
 
      
 
    Distance (m): 200-450 2.63 (0.45; 15.31) 0.277     
 
    Distance (m): ≥ 450 1.39 (0.57; 3.43) 0.465     
 
Distance-to-main road    
 
      
 
   Distance (m):  <340   
 
      
 
   Distance (m): 340-720 1.80 (0.32; 10.20) 0.504     
 
   Distance (m): ≥720 1.16 (0.46; 2.88) 0.757     
 
Distance-to-settlement*   
 
      
 
   Distance (m): <100   
 
      
 
   Distance (m): 100-510 0.38 (0.07; 2.22) 0.277     
 
   Distance (m): ≥510 0.39 (0 .12; 1.30) 0.089       
1
Based on likelihood ratio test; *Variable included in the stepwise regression; 
†
Combined use of Subsistence farming and 
Rainfall_week_2;
‡
Combined use of Subsistence Farming, Rainfall in the 2
nd
 week and Savannah 
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2.4 Conclusions 
In this study, we argue that exclusive reliance on RS and knowledge on how climatic 
factors and other environmental variables influence vector breeding is inadequate for 
the prediction of potential breeding sites, unless conducted with satellite-generated, 
high-resolution imagery in conjunction with information on presence or absence of 
larvae. To effectively guide control activities, it is imperative that actual 
entomological data on vector breeding and distribution be taken into account, e.g., 
when constructing regression models, so that previously not fully understood 
ecological effects and spatial breeding site heterogeneity can be elucidated. Linking 
entomological field collection with adequate remotely sensed environmental data does 
not only increase the accuracy of prediction models, but it also assists specification 
and identification of spatial heterogeneities with regard to vector breeding habitats. 
Understanding such variations may further facilitate determining the contribution and 
impact of vector control and other malaria control measures. In addition, as countries 
move towards malaria elimination, endemic transmission becomes limited to residual 
foci (Cohen et al., 2013), where prevention of larval breeding will be necessary. Most 
countries already have geographic databases on water bodies as well as entomological 
data such as larva scooping. It would be important that this information is 
incorporated into future databases. 
 
Due to the current availability of only limited number of studies with detailed and 
explicit spatio-temporal variations on malaria transmission in Swaziland, it is not 
surprising that the country has not yet reached the goal of zero malaria cases, although 
current control efforts have been successful to reduce the overall burden. The present 
work is the first attempt to map potential breeding sites in Swaziland using remotely 
sensed data in conjunction with information on presence/absence of mosquito larvae. 
We have demonstrated that distance-to-subsistence farming is the main predictor for 
presence of active breeding sites. This can be explained by the fact that subsistence 
farming is a full-time occupation for most rural communities and the proximity of 
human hosts may explain the strong association between distance-to-subsistence 
farming and vector breeding sites. This finding is also consistent with a study by 
Ahmad et al., (2011), which deals with vector breeding habitats located between 100 
and 400 m from human settlements. In the rural areas of Swaziland, almost every 
household is surrounded by hectare-sized subsistence farming fields and this 
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translates to a continuous land use type as fields join at the edges. This situation 
supports the presence of foci and is thus an important factor for malaria endemicity. 
Similar result was found in a study by Li et al. (2008), which concluded that houses in 
great proximity to streams have more abundant mosquitoes than other places and that 
breeding was high in the nearby valley bottoms. 
 
No relation could be found between breeding sites and distance-to-settlements in the 
present study. This could further be explained that cattle are not near settlements but 
exist in abundance at subsistence farming sites. From the field survey results, it was 
clear that the vector breeds very well in small water bodies down to the size of cattle 
hoof prints, which provide sheltered conditions. Turbulent water does not favour 
larvae development, which has already been observed in previous studies (e.g. Ageep 
et al., 2009), while Dejenie et al. (2011) remark that it is very likely that peripheral 
water bodies from irrigation channels and small depressions like cattle hoof prints , 
rather than the larger main dams, become preferred sites for mosquito larvae.  Hence, 
it is very likely that locations characterized by cattle and proximity to water bodies are 
at risk due to the probable presence of vector breeding sites. 
 
Rainfall was not found to be associated with vector breeding, which is not surprising 
as the more frequent and heavy the rainfall, the higher the possibility that mosquito 
larvae are washed away (Savage et al., 1990). As already alluded to, mosquito larvae 
were not likely to be found in areas reporting rain less than a week prior to the survey.  
However, as irrigation played a major role in providing excess water, it was not 
unexpected that rainfall had a lower attribute usage percentage (38%) in the Decision 
Tree analysis. Indeed, availability of water also in the dry season results in suitable 
habitats the year round facilitating oviposition compared to other parts where 
irrigation is not applied. This tells us that rainfall may not always be a useful predictor 
and that mosquitoes can be plentiful even without rainfall. Based on the discussion 
above, it would not be unusual that the use of rainfall as a covariate in logistic 
regression models even indicates a negative correlation, which is not always the case 
with other studies analysing environmental factors in relation to malaria transmission 
(Briët et al., 2008; Laneri et al., 2010). Thus, in areas where larval breeding occurs in 
the absence of rainfall, other environmental proxies will have to be used to identify 
and map potential breeding sites.  
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The maps produced in this study are not only useful for targeting residual foci, but 
could also help reducing the LSM budget. This would be achieved through the 
implementation of larvicide application guided by risk maps (Dambach et al., 2014).  
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Abstract 
There is a sustained interest in the use of remotely sensed (RS) data in vector-borne 
disease mapping and epidemiology. However, the use of satellite-derived products has 
been largely ad hoc and based on convenience rather than objectivity. We conducted 
an online review of literature to find out which RS products were available and how 
they can be obtained. Although satellite space launches have been meticulously 
documented, very little is said about the type of data they produce and what variables 
could be derived from the images captured. Our aim was to document all proxies 
previously used in epidemiological works and to propose new potential products that 
could be incorporated in vector-borne disease mapping.  Furthermore, in view of the 
fact that RS products are evolving rapidly, data of higher spatial or temporal 
resolution than the ones used before were specified. We catalogued indices that have 
been used in ecological studies and listed potential variables and their sources 
providing a short description to aid the end-users to assess their relevance to 
epidemiological application. Our focus was on RS data products which have 
continental or global coverage, including data related to climate, meteorology, land 
use/cover, cartography and urban mapping and which can be used as proxies for 
disease suitability mapping. There remains a lot of work to be done on the evaluation 
and comparison of some of the proxies presented in this study against the 
conventionally and commonly used proxies in disease epidemiology; conversely 
synergies between remote sensing experts and epidemiologists can be useful in the 
uptake and testing of the novice products presented here. 
 
Keywords: Remote sensing, satellite-derived products, vector-borne disease 
mapping, epidemiology 
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3.1 Introduction 
There is unwavering interest in the use of remotely sensed (RS) data in vector-borne 
disease mapping and epidemiology (Machault et al., 2014; Garni et al., 2014). RS 
products are currently used to predict vector-borne disease distributions such as in 
malaria (Diboulo et al., 2015; Noor et al., 2014; Amek et al., 2012; Dhimal et al., 
2014), soil-transmitted helminths (Karagiannis-Voules et al., 2015) and 
schistosomiases (Lai et al., 2015; Hu et al., 2015) among others. Previous works 
include incorporation of RS data in human and animal health studies such as Animal 
Trypanosomosis and Bluetongue (De La Rocque, 2004); predicting high risk areas for 
leishmaniasis in Brazil (Almeida and Werneck, 2014; Karagiannis-Voules et al., 
2013); developing a national risk map for trachoma in Southern Sudan (Clements et 
al., 2010) and mapping tsetse fly habitat suitability (Robinson et al., 1997). One of the 
main advantages of using RS or Earth Observation (EO) products is the good spatial 
and temporal data resolution coverage, especially for economically-disadvantaged 
areas which have poor ground measurement station networks. Remote sensing can be 
particularly useful for monitoring areas where temporal variability in weather 
conditions, which affect vegetation cover, result in epidemics (Goetz et al., 2000).  
 
From the first generation of ecological studies that demonstrated the capability of RS 
products in disease mapping (Beck et al., 1994; S. I. Hay, 1997; Thomson et al., 
1997), there is a sustained proliferation of studies using RS data in epidemiology and 
geostatistical mapping, including identification of spatial heterogeneities, pattern and 
trends in vector-borne disease distributions and forecasting for epidemic preparedness 
(Giardina et al., 2014; Myers et al., 2000). The idea behind incorporating RS data in 
disease-mapping is justified by its established association with vector-borne disease 
distribution (Dlamini et al., 2015; Hassan et al., 1998; Tran et al., 2013). Other studies 
have demonstrated the association between radiation reflectance as measured by 
satellites and certain land cover types which have been used as proxies for 
measurement of presence of a disease and its vectors ( Scholte et al., 2012; Innes and 
Koch, 1998, Curran et al., 2000). However, there has been very little effort made to 
inventorize existing and potential RS products and proxies that could be used by 
epidemiologists. Tatem et al. (2004) provided an overview of products relevant to 
epidemiology and public health, derived from MODIS and ASTER sensors.  In most 
cases past remote sensing products selection criteria have been biased and ad hoc 
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rather than objective and quantitative (Weiss et al., 2015). This has been partly due to 
data availability and convenience for epidemiologists as it often makes it hard for 
non-remote sensing experts to locate data related to their needs.  
 
A compendium of civilian and commercial satellites that have been launched with the 
aim of gathering global Earth Observation (EO) and environmental monitoring data 
was prepared by (Belward and Skøien, 2015). However, they only documented 
satellite launches and not the type of data products that could be obtained from the 
land cover images captured by the satellites. Although a number of indices have been 
derived from RS images by remote sensing experts and ecologists, very little is known 
about potential indices or proxies relevant to epidemiological studies that could be 
derived from current satellite-based products. Furthermore, present documentation of 
RS data products and environmental proxies estimated from space satellites are ad 
hoc, incomplete and characterized by duplication and redundancy between access 
websites. Currently, very little has been done to document all variables and proxies 
that could be derived from RS images and how they could be used to help improve 
our vector-borne disease mapping efforts.  
 
Previously, a National Aeronautics and Space Administration (NASA) annual bulletin 
called Spacewarn was launched in 1991 (http://nssdc.gsfc.nasa.gov/spacewarn/) to 
raise awareness about newly launched satellites and their missions to the general 
public. Unfortunately, this bulletin was discontinued with the last issue available until 
July 2011. The initiative headed by the European Commission (EC) in partnership 
with the European Space Agency (ESA) - Sentinel Scientific Data Hub - a remote 
sensing website project by Copernicus (http://www.copernicus.eu/) is currently 
undergoing establishment and promises to be a pool of all RS information around 
Europe and beyond. Furthermore, most of the websites provide data in a way that is 
not easily understood by epidemiologists as often coding is used with little elaboration 
on which products could be derived from the captured RS images. A comprehensive 
RS data review with the aim to catalogue RS products can assist epidemiologists 
efficiently access and compare various products. 
 
In this paper we realize the need to make a review of all satellite-based products and 
proxies that could be used in epidemiological studies. Our review is different in the 
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sense that it also provides a list of new indices that has a potential to be incorporated 
in vector-borne disease cartography. Although most of the indices have been 
previously used in ecological and air pollution studies, their uptake in epidemiology 
has been notoriously slow. A comprehensive catalogue of satellite sensors and 
specifications of their data products and proxies both those that are already processed 
by the supplier and those that could be derived by the end-user are presented.  
 
3.2 Methods 
3.2.1 Review, collation and inventorization of RS products 
We conducted an online web based data triangulation search with the aim to review 
all existing remote sensing data sources including satellites and spacecrafts currently 
orbiting the earth. We used the search terms ―remote sensing products, earth 
observation‖ in Google search engine and had over sixteen million hits in 22 seconds. 
We then collated the data from internet websites in order to filter duplicated remote 
sensing data sources after realizing that some hosting organizations were providing 
data from the same sensors. Both free access and commercial remote sensing products 
were collated according to the resolution of variables measured and the sensors used 
to capture them as well as a brief description of the proxies that could be obtained. As 
a first step we used a satellites list compiled by NASA 
(http://www.nasa.gov/missions/past/index.html#.VkCoYUYposI) and ESA 
(http://www.esa.int/ESA/Our_Missions) to find out which satellites were orbiting the 
earth and had been documented. We then searched for each of the satellites and the 
responsible organizations to learn more about their capabilities including the number 
of sensors, spatial and temporal resolutions and to find out which data products could 
be obtained from the satellites.  While searching different online remote sensing 
websites in order to find out RS data sources, we found various inexhaustive data 
download ftp sites managed by both remote sensing agencies and private enthusiasts. 
For instance, such websites included NASA Goddard Space Flight Center, Sentinel 
Scientific Data Hub (Copernicus, European Space Agency), Observing Systems 
Capability Analysis and Review Tool (OSCAR), including NORAD Catalog 
(http://satellitedebris.net/Database/) among others. 
 
In RS, the most solicited technical concerns in the use of EO data products inter alia, 
is the spatial resolution and the sampling frequency or temporal resolution at which 
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the data is available. Spatial resolution is the maximum separating or discriminating 
power of a sensor measurement usually referred to as pixel size. Temporal resolution 
refers to the revisit period or length of time taken by a satellite to complete one orbit 
cycle. There is consensus that high resolution to very high resolution RS data is the 
best for vector-borne disease mapping (Franke et al., 2015; Dlamini et al., 2015). For 
some epidemiological applications, however, the temporal resolution, (e.g. land cover 
and climate change), plays a bigger role than the spatial resolution (Hugh-Jones, 
1989; Riley, 1989). Equally important is the knowledge of the data preprocessing 
level conducted by the supplier and the data processing expected from the end-user.  
These technical details were used during products online search and profiling.  
 
3.2.2 Satellites and products selection criteria 
Satellites and their products were limited to ones with global or continental coverage 
and with data related to epidemiology and vector-borne disease mapping. We also 
considered products with continuous temporal resolution acquisition and coverage as 
opposed to once-off project based products. We consequently reviewed products that 
have either been applied in disease modeling or have the potential for such use. This 
perception was based on our knowledge and evidence from previous studies that 
incorporated RS variables in disease mapping. Each investigated RS product led to 
identification of the hosting agency from which the product could be obtained. This 
way we were able to find the websites where data could be downloaded by end-users. 
The list of products related to vector-borne disease mapping was divided in the 
following three categories: 
 Meteorological and Climate data 
 Land use/ Land cover 
 Cartography and urban mapping 
 
3.2.3 Processed vs. derived RS data 
The proposed RS products were further split into two groups comprising of processed 
and derived variables. In our case processed variables refer to ones provided by the 
data supplying agency after all the necessary preprocessing steps had been conducted. 
These are products that could directly be fed into models without the necessity to 
undertake image processing or to derive the estimates of proxies as this has already 
been conducted before distribution. These constituted of data that could be used even 
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by non-remote sensing experts such as epidemiologists. Derived variables or proxies 
are those that still require the end-user to estimate them from existing remote sensing 
products using either novice or established mathematical or physical algorithms. 
These proxies were investigated from previous studies which have either proposed 
them as new variables or have tested them in various spatial phenomena of ecological 
related studies. Thus, we reviewed literature on ecological studies to find out what 
new proxies or indices were proposed including the formulae used to derive them. We 
therefore arranged the RS variables and proxies according to the type of 
environmental condition measured and whether they were derived or already 
processed. The spatial and temporal resolutions of the products as well as their period 
of availability were documented. 
 
3.2.4 RS products previously used in disease-mapping and new 
potential variables 
From the review of ecological studies, we presented a library of proxies that have a 
potential application as variables in epidemiology and vector-borne disease mapping. 
We found a number of both new and old variables which were proposed by various 
ecologist and remote sensing experts. Most of the experts also provided the proxy 
derivation equations for potential end-users  as well as presented the strengths and 
weaknesses of their index in terms of measuring a specific environmental condition in 
comparison to other known similar indices. We therefore provided a full reference list 
of all the authors of potential RS variables to aid the end-user to learn more about 
each index listed in our catalogue. These were indices whose proxy estimation 
measures the same environmental condition as those variables used in 
epidemiological studies. We highlighted the proxies which have already been used in 
epidemiology studies and those that still remained to be explored as potential 
variables. Thus we created a catalogue of all known and potential remote sensing 
products that could be used in vector-borne disease mapping with the aim to bring to 
the attention of end-users other similar indices to the ones already extensively utilized.  
 
The most commonly used remote sensing products in epidemiology applications 
included proxies of temperature and precipitation i.e Land Surface Temperature (LST) 
and rainfall estimates (RFE). Vegetation indices such as Normalized Difference 
Vegetation Index (NDVI) and a host of land use/ land cover (LULC) variables were 
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also widely used. Some new indices like the Temperature Suitability Index (TSI) 
which converts observed land surface temperatures into predictions of ambient air 
temperature for malaria distribution in Africa had also been used (Weiss et al., 2014). 
Other indices were improvement from previous versions, for example a 90 m water 
resolution database has been recently developed by Yamazaki et al., (2015) while a 15 
m water resolution database was developed by Verpoorter et al., (2014). The new 
potential RS products are therefore important for epidemiology as they provide more 
explicit spatial detail than previous coarser resolutions of same. This is important in 
disease mapping especially identification of spatial heterogeneities and understating 
the underlying courses of spatial variations of certain vector-borne diseases.  
 
3.3 Results  
3.3.1 RS data sources  
The Goddard Space Flight Center reported that there were about 2,271 satellites 
currently in orbit (Garner, 2015) while a NORAD Catalog website reports 7142 
satellites deployed into space including debris 
(http://www.satellitedebris.net/Database) since October 1957. These satellites 
included those deployed for Earth Observation and environmental monitoring as well 
as global security satellites launched for private use. An example of an online profile 
of RS data download websites could be found in Exelis Visual Information Solutions 
(http://www.exelisvis.com/portals/0/pdf/6-14_Geospatial_Imagery_Raster_GIS_Data 
_ Sources.pdf) which is a remote sensing information site providing links to RS data 
products. Data access indicates that most RS data is available either free or 
commercially to end-users. The data products had varied spatial and temporal 
resolutions making it necessary that caution must be taken whenever they are jointly 
used during analysis. The results on remotely sensed data products show that those 
that are available for free have lower resolutions of about 250 m to 1.5 km compared 
to very high resolution products (from 5 m to 10 m) which are mostly available at 
high purchase prices.  
 
3.3.2 Data processing 
Remote sensing data products were varied according to the level of processing 
expected from the end-user. Some processing of the data is done by the supplier for 
most high demand products like NDVI, LST and rainfall. Processing levels vary from 
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level zero which is raw products directly captured from measuring instruments into 
higher level where data is converted into various parameters of interest. Data 
preparation and processing includes atmospheric noise cleaning, missing values 
imputation, alignment correction and rectification of the products; this has usually 
been a big constraint for epidemiologists being unfamiliar with these issues. Agencies 
like NASA and ESA process their data into different levels and provide 
accompanying documentation for each dataset accessed via their ftp sites, making it 
very useful for the end-users like epidemiologist to a priori evaluate the usability of 
the data for their analysis. Typical data processing levels range from zero 
(unprocessed data) to four which is modeled output of data or variables derived from 
multiple measurements. Most epidemiologists use data that is processed up to level 3 
and 4 as the basic processing level is meant for end-users with advanced processing 
skills and are capable of using geometric procedures to correct the images themselves.  
 
3.3.3 Processed RS variables for vector-borne disease modeling 
A review of the literature on RS derived proxies showed a litany of available remote 
sensing processed variables and potential indices that could be used for disease 
mapping. Most of them were found in ecological and RS studies where an unlimited 
number of indices that could be derived from remote sensing images are discussed. 
Numerous vegetation indices that could be used as an alternative to, for instance, 
NDVI were found. Some of these indices were said to be an improvement of the 
NDVI and therefore are expected to perform better for example in vector-borne 
disease distribution models. For example, the soil-adjusted vegetation index (SAVI) 
was developed in order to improve NDVI estimation by correcting the influence of 
soil brightness when vegetative cover is sparse.   
 
A majority of the indices were derived by remote sensing experts and have been 
extensively used in ecological studies, while many of them still remain unknown to 
epidemiologist and public health experts.  The main variables that were already 
processed by the suppliers included temperature, rainfall and NDVI among others and 
the same are the ones largely utilized in public health and disease modeling studies. 
Because they are readily available, their use is mostly out of convenience rather than 
based on their objective capability to provide better estimates of the distribution of the 
disease of interest. While epidemiological studies have shown that temperature and 
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rainfall are important factors in the distribution of disease vectors (McMichael et. al., 
1996), very few have assessed how modeling and mapping with such data could be 
affected by their resolutions.  
 
A comparison of the traditionally used variables in epidemiology with the other 
similar indices which have been proposed in ecological studies is important in order to 
find out how they could jointly be used in disease modeling. Variables that were 
processed by the supplier were grouped and are presented in Table 3.1 which shows 
all data products that could be directly downloaded from remote sensing databases 
and are ready to be used by end-users. We provided the temporal and spatial 
resolutions of the data as well as the period at which the data is available. These are 
variables that are related to vector-borne disease mapping and therefore are of 
epidemiological importance.   
 
3.3.4 Derived RS variables for vector-borne disease modeling 
In Table 3.2 we present a library of indices that could be derived from remote sensing 
products and have been proposed by the ecologists who have calculated them. We do 
not imply that one index is more important than the other but we merely provide a 
description of what each of the indices estimates. We noted that there are a number of 
vegetation indices that have been calibrated to measure specific plant characteristics 
in relation to conditions such as moisture content and plant stress. We believe that the 
description provided can be used by epidemiologist to decide which index is more 
suitable for the vector-borne disease being mapped. Therefore, it is entirely up to the 
end-user to decide which indices to combine or to use jointly in their analysis work.  
 
3.4 Discussion 
This paper is not meant to be a comprehensive review of all the work that has been 
done in remote sensing as new satellites for global environmental monitoring 
purposes are continuously launched into space and new variable potential is 
presented. This work attempted to compile remote sensing information that is relevant 
to epidemiology and vector-borne disease mapping. Our motivation arose from the 
fact that RS coding and abbreviation including nomenclature that is completely 
different to epidemiology is used to identify data products; this often makes it hard for 
non-remote sensing experts to locate data related to their needs. Furthermore, remote 
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sensing records and documentation show that launches are escalating each year, yet 
failed launches are not immediately known and consequently data availability from 
those missions remains a speculation.  
 
Online websites documenting spacecraft launches and hosting data access sites are ad 
hoc and tend to present conflicting records as can be seen in the conflicting lists of 
satellites in orbit as recorded by the Goddard Space Flight Center (2 271) and the 
NORAD Catalog (7 142) respectively. Although remote sensing information on 
environmental monitoring can be obtained from agent websites, information from 
security satellites is not known yet some of their products are available for civilian use 
like Google Earth. Products from security satellites are usually of the highest quality 
in terms of both temporal and spatial resolution and they can be the best choice if they 
can be made available for civilian use when their use is justified such as for public 
health purposes. 
 
Despite the good resolution commercial data has remained under-utilized mainly 
because of the high purchase prices associated with it thus limiting access for most 
end-users. Conversely poor resolution remote sensing products are available for free 
and a majority of epidemiology and vector-borne disease mapping studies are based 
on free remotely sensed data with resolutions ranging from 250 m to 1.5 km. In 
addition, we realized that most epidemiologists do not usually pay attention to the 
processing levels of the remotely sensed data they use for analysis whereas this is the 
key to understanding the amount of data preparation efforts needed before the data is 
ready for use.  
 
There were some indices which could not be found from purported websites and 
sensor sources and they included humidity from MODIS Atmosphere and the 
Normalized Difference Water Index (NDWI) another MODIS product. For the 
processed data, time of availability from hosting websites and spatial resolutions 
varied across the globe and from region to region. For instance, there were also 
products that were limited only to national level like the Water resources which is 
available only for USA. In other cases a description of the data product was well 
provided while at the same time a direct link to access the same product was not 
provided. These were products like the Global Interannual Water Extent and Variation 
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from the Special Sensor Microwave Imager; Global Inundation Extent from Multi-
Satellites (GIEMS) and Shuttle Radar Topography Mission (SRTM) Water Body. 
 
Some new products like the Water Mask may not be necessarily useful for vector-
borne disease mapping since they are only binary proxies showing land and water. 
Other proxies like Soil moisture had limited spatial coverage as they were not 
available globally but were limited to national databases such as the US and some 
parts of Europe which are not accessible to the public. We also presented only the 
most recent spatial and temporal resolutions for all archived data and indicated when 
the lowest resolution became available. The resolutions of most of the derived indices 
depend on the choice of image that was used to derive them and it is possible that with 
recent improvements in image capturing sensors the proxies would also improve 
although they were proposed using products from the first generation sensors. The 
Global Inland Water facility was actually of poor quality for some parts of Southern 
Africa. This was seen when compared with existing groundtruthed water body map of 
Swaziland. Some of the existing water bodies were not captured by the Global Inland 
Water facility product yet the resolution was supposedly comparable at 30 m for both 
products. 
 
There were many proxies that were proposed by ecologist which have however 
remained under-utilized partly because they are not fully understood and partly 
because they are time consuming to derive and interpret. For instance, a list of 
vegetation indices was found with some of the proxies advanced as an improvement 
to the commonly used NDVI such as the Atmospherically Adjusted Resistant 
Vegetation Index (ARVI) and the Soil-Adjusted Vegetation Index (SAVI). However 
the same indices remain under-utilized in vector-borne disease mapping and 
epidemiology presumably because no one has used them before. Highly utilized 
proxies were those of NDVI, rainfall and temperature partly because they are readily 
available and partly because their association with vector-borne disease distribution 
has been extensively investigated and established. We present a catalogue of potential 
and existing remotely sensed indices for end-users like epidemiologists to compare 
remote sensing products used in their analysis. Whereas some of these indices have 
been extensively explored in both ecological and remote sensing studies, their use in 
epidemiology has been limited to variables that are readily available from suppliers of 
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remotely sensed data. This has been partly due to the lack of training in the processing 
and handling of remote sensing data for epidemiologist and due to lack of knowledge 
on how these indices can be used to improve our disease mapping efforts.  
 
New vector-borne disease mapping potential is presented as high resolutions products 
are currently being developed as can be seen in the work of Yamazaki (2015) which 
shows an improved global water body map of up to 90 m spatial resolution and the 
GLObal WAter BOdies database project with 15 m spatial resolution.  However, 
some products resolution is not exactly the same as documented from source 
suppliers. For example after careful examination of the spatial resolution of the 
G3WBM product using ArcGIS (version 10.2), we found the true spatial resolution to 
be about 135 m instead of the stated 90 m by the supplier. The present work is aimed 
at addressing the above issues by increasing the awareness on available satellite-
derived products which have the potential to be incorporated in the vector-borne 
disease mapping field. 
 
3.4.1 Conclusions 
Documenting satellite launches into space and providing complete information on 
their mission and the anticipated data can be useful to interested parties to know what 
data is expected from these missions.  A quick referral guide to remotely sensed data 
that has been coded or abbreviated on the hosting website can make searching for 
remote sensing products more efficient when end users can quickly find out what type 
of variables are available or can be derived from the coded images listed. We have 
presented a catalogue of potential proxies and currently used variables and indices in 
vector-borne disease modeling. Our list may not be complete as new indices are being 
derived from new satellite images but it will help as a guide for what is available to 
those seeking to use remote sensing products in their analysis. We also compiled a list 
of proxies that had previously been derived by ecologists but have received very little 
attention from epidemiologists due to some of the reasons already mentioned above. 
We noted that documentation of space activities is still ad hoc and uncoordinated with 
many sites duplicating and often providing conflicting statistics about space missions. 
This makes it hard for end-users to fully take advantage of the many data sources and 
products space agencies have to offer. There remains a lot of work on evaluation and 
comparison of some of the indices and proxies presented in this work against the 
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conventionally and commonly used variables in disease epidemiology. Consequently, 
synergies between remote sensing experts and public health disease modelers can be 
useful in the uptake and testing of the novice indices presented in this work. 
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Table 3.1: Supplier processed remote sensing variables 
Variable Source/ Sensor Temporal 
resolution 
Spatial 
resolution 
Period of data 
availability 
Description & data 
cost/availability 
1) Meteorology and Climate 
Land Surface 
Temperature 
(LST) day 
and night 
MOD11L2 
MOD11(A1-A2) 
MOD11B1 
MOD11 (C1-C3) 
8 days 1 km 
(since 
2000) 
1960 - present  Measure of how hot or cold 
the “surface” of the earth is 
at a particular location. Data 
is free 
Rainfall 
Estimates 
(RFE) 
FEWS NET 
FAO-RFE 
-daily 
-10 days 
-monthly 
8 km 2008 - present Measures the amount of 
accumulated rainfall from 
recent rain episode. Data is 
free 
2) Landuse/Landcover 
Land Surface 
Water Index 
MOD09A1 
 
8 days 500 m 1981 - 2012 Measures the total amount 
of liquid water in vegetation 
and its soil background 
(Chandrasekar, 2010). Data is 
free 
Normalized 
Difference 
Vegetation 
Index (NDVI) 
MOD13Q1 
MYD13A2 
16 days 250 m 
(since 
2000) 
1999-present Indicator used to assess 
whether the target being 
observed contains live green 
vegetation or not. Can be a 
proxy for water availability. 
Data is free 
Enhanced 
Vegetation 
Index (EVI) 
MOD13Q1 
MYD13A2 
16 days 250 m 
(since 
2000) 
1999-present Designed to enhance 
vegetation sensitivity in high 
biomass regions and 
improved vegetation 
monitoring by correcting for 
atmospheric influences 
Leaf Area 
Index (LAI)  
MYD15A2 
MCD15A3 
MCD15A2H 
MCD15A3H 
 
8 days 1 km 1960-present Characterizes plant canopies 
and predict photosynthetic 
primary production, 
evapotranspiration and is a 
reference tool for crop 
growth (Bréda (2003) 
 
Table continues next page 
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Variable Source/ Sensor Temporal 
resolution 
Spatial 
resolution 
Period of data 
availability 
Description & data 
cost/availability 
Global 3 arc-
second 
Water Body 
Map 
(G3WBM) 
Landsat Global 
Land Survey 
(GLS) 1975, 
GLS1990, 
GLS2000, 
GLS2005 and 
GLS2010 
- 
+
90 m 2015 A high-resolution global 
water body map with 
information on the frequency 
of water body existence 
(Yamazaki et al., 2015) 
Water Mask MOD44W  250 m 2000 Measures surface water. Data 
is free 
Land/Water 
mask 
-Global Land 
Cover Facility 
(GLCF) 
-MODIS 
- 250 m  Measures surface water as 
improvement from 1km 
MODIS mask data (Carroll et 
al., 2009). Data is free 
Global Land 
Cover Facility 
Inland water  
(GIW) 
-Landsat 
TM/ETM+ 
- 30 m 2015 Provides an estimation of 
regional and global inland 
water area (Feng et al., 2015). 
Data is publicly available 
Global Lakes 
and 
Wetlands 
Database 
(GLWD) 
Digital Chart of 
the World 
(DCW) of 
ESRI (1993) 
 
- 1 km  Identifies global lakes and 
wetlands (Lehner and Döll, 
2004). Available for free 
Soil 
moisture/Ge
ology maps 
- WindSat 
- Tropical 
Rainfall 
Measuring 
Mission (TRMM)  
Microwave 
Imager (TMI) 
3 days 
(archived) 
1.5 km 
 
 
2009 Used for agriculture, ecology, 
wildlife, and public health 
and is an important 
connection between the 
hydrological cycle and life 
involving animal, plant, and 
human (Lakshmi and 
Lakshmi, 2013). Data is free 
Landcover -MCD12C1 
-MCD12Q1 
-MCD12Q2 
 
Yearly 500m 
(since 
2001) 
1999 - present Shows how much of a region 
is covered by forests, 
wetlands, impervious 
surfaces, agriculture, etc. 
Data is free and also for sale 
Table continues next page 
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Variable Source/ Sensor Temporal 
resolution 
Spatial 
resolution 
Period of data 
availability 
Description & data 
cost/availability 
Biodiversity/
human 
impacts 
maps 
-World Atlas 
Biodiversity 
-World Map of 
Human Impacts 
- 30 m 2003 - present Used for understanding the 
environmental impacts of 
human populations. Data is 
free 
Lights at 
night images 
-NOAA National 
centres for 
environmental 
information 
-OLS, SSM/I, 
SSM/T, SSM/T2, 
SSJ, SSIES, SSM 
- 500m 
 
 
1992 - 2013 
Indicates location and extent 
of human settlements. Cost 
about $ 43 per image 
(subject to scale &shipping 
costs) 
3) Cartography and Urban Mapping 
Altitude/Geo
morphology 
-NASA 
-NOAA 
-ASTER 
-SRTM30 PLUS 
-GTOPO30 
- 30 m 
 
2011 Height above or below a 
fixed reference point as well 
as their topographic 
characteristics. Data is free 
Ecoregions/B
iogeographic 
regions 
-Terrestrial 
Ecoregions 
Olsen et al. 
(2001) 
- 30 km 2007 - present Geographical units with 
characteristic flora, fauna and 
ecosystems. Data is free 
Forest/wildlif
e resources 
-The world map 
of intact forest 
landscapes 
-World 
Wilderness 
Areas 
-UNEP GEO Data 
Portal 
- 30 m 2000 - present Shows unbroken natural 
landscape of a forest 
ecosystem and its habitat, 
plant community 
components, in a current 
extant forest zone. Data is 
free 
-
Details missing or not available 
+
Actual resolution coarser than the one stated 
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Table 3.2: Derived remote sensing indices  
*Variable/ 
Index 
Reference/ 
Source 
Description 
Temperature 
Suitability Index (TSI)” 
(Weiss et al., 2014) 
 
Converts observed land surface temperatures into 
predictions of ambient air temperature. Derived variable 
(data unavailable) 
Vegetation Change 
Tracker 
Zhao et al., (2015); 
Vogelmann 
et al., (2011) 
Automated forest change mapping algorithm based on the 
spectral and temporal properties of forest, disturbance and 
post-disturbance recovery processes (Li et al., 2009). 
Calculated (data unavailable) 
Soil-Adjusted 
Vegetation Index 
(SAVI) 
Huete et al., (1988) Developed as a modification of the NDVI to correct for the 
influence of soil brightness when vegetative cover is low. 
Calculated 
(data unavailable) 
Modified Normalized 
Difference Vegetation 
Index (MNDV1) 
Jurgens (1997) Index used to determine frost damages in agriculture. 
Calculated  
(data unavailable) 
Red Edge Normalized 
Difference Vegetation 
Index (NDVI705) 
Gitelson and 
Merzlyak, (1994) 
Used in precision agriculture, forest monitoring, and 
vegetation stress detection. Calculated (data unavailable) 
Atmospherically 
Adjusted Resistant 
Vegetation Index 
(ARVI) 
Kaufman  and Tanre 
(1992) 
The index is an enhancement to the NDVI and uses blue 
reflectance to correct red reflectance for atmospheric 
scattering. It is most useful in regions of high atmospheric 
aerosol content, including tropical regions contaminated by 
soot from slash-and-burn agriculture. Calculated (data 
unavailable) 
Green Near Infrared 
(G/NIR) 
http://www.exelisvis.c
om/docs/Broadband
Greenness.html 
Can be used for soil property analysis. Calculated (data 
unavailable) 
Green Shortwave 
Infrared (G/SWIR) 
http://www.exelisvis.c
om/docs/Broadband
Greenness.html 
Used to study spectral properties of soils and green 
vegetation. Calculated 
(data unavailable) 
Simple Ratio Index 
(SR) 
http://www.exelisvis.c
om/docs/Broadband
Greenness.html 
It is described as the ratio of light that is scattered in the NIR 
range to that which is absorbed in the red range. Calculated 
(data unavailable) 
Table continues next page 
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*Variable/ 
Index 
Reference/ 
Source 
Description 
Sum Green Index (SG) Gamon and Surfus 
(1999) 
Used to detect changes in vegetation greenness and for 
detecting forest disturbance because it is highly sensitive to 
small changes in vegetation canopy opening. Calculated 
(data unavailable) 
Modified Red Edge 
Simple Ration Index 
(mSR705) 
Sims and Gamon 
(2002) 
Used in precision agriculture, forest monitoring, and 
vegetation stress detection. Calculated 
(data unavailable) 
Modified Red Edge 
Normalized 
Difference Vegetation 
Index (mNDVI705) 
Datt (1999) Used in precision agriculture, forest monitoring, and 
vegetation stress detection. Calculated 
(data unavailable) 
Vogelmann Red Edge 
Index 1 (VOG1) 
Vogelmann (1993) Used in vegetation phenology (growth) studies, precision 
agriculture, and vegetation productivity modeling. Calculated 
(data unavailable) 
Red Edge Position 
Index (REP) 
Curran et al., (1995) Used in crop monitoring and yield prediction, ecosystem 
disturbance detection, photosynthesis modeling, and canopy 
stress caused by climate and other factors. Calculated (data 
unavailable) 
Photochemical 
Reflectance Index 
(PRI) 
http://www.exelisvis.c
om 
Uses pigments that signify photosynthetic light use efficiency 
and are useful to quantify vegetation production and stress. 
Calculated 
(data unavailable) 
Structure Insensitive 
Pigment Index (SIPI) 
http://www.exelisvis.c
om 
Used in areas with high variability in the canopy structure, or 
leaf area index. Calculated (data unavailable) 
Red Green Ratio 
Index (RGR Ratio) 
http://www.exelisvis.c
om 
Used for making foliage development estimations, indicating 
leaf production and stress. Calculated (data unavailable) 
Plant Senescence 
Reflectance Index 
(PSRI) 
http://www.exelisvis.c
om 
Indicates increased canopy stress (carotenoid pigment), the 
onset of canopy senescence, and plant fruit ripening. 
Applications include vegetation health monitoring, plant 
physiological stress detection and crop production, and yield 
analysis. Calculated 
(data unavailable) 
Carotenoid 
Reflectance Index 1 
(CRI1) 
http://www.exelisvis.c
om 
Measure of stressed vegetation as a consequence of harmful 
effects of too much light. Calculated (data unavailable) 
Table continues next page 
3.4 Discussion                        57 
 
 
*Variable/ 
Index 
Reference/ 
Source 
Description 
Carotenoid 
Reflectance Index 2 
(CRI2) 
http://www.exelisvis.c
om 
Modified measure of stressed vegetation as a consequence 
of harmful effects of too much light. Calculated (data 
unavailable) 
Anthocyanin 
Reflectance Index 1 
(ARI1) 
Gitelson et al., (2001) Measure of stressed vegetation and indicates changes in 
foliage via new growth or death. Calculated (data 
unavailable) 
Anthocyanin 
Reflectance Index 2 
(ARI2) 
Gitelson, et al., (2001) Detects higher concentrations of anthocynanins in 
vegetation. Measures stressed vegetation and indicates 
canopy changes in foliage via new growth or death. 
Calculated 
(data unavailable) 
Water Band Index 
(WBI) 
Penuelas et al., (1995). Estimates leaf moisture and water content of vegetation. 
Calculated 
(data unavailable) 
Moisture Stress Index 
(MSI) 
Ceccato et al., (2001). Indicator of plant water content and water stress. Calculated 
(data unavailable) 
Normalized 
Difference Infrared 
Index (NDII) 
Hardisky et al., (1983) Used to detect plant water stress. 
Calculated (data unavailable) 
Normalized Dry 
Matter Index (NDMI) 
Wang et al., (2013) Estimates the dry matter content in green leaves. Calculated 
(data unavailable) 
Normalized 
Difference Tillage 
Index (NDTI) 
van Deventer et al., 
(1997) 
Used for differentiation between crop residue and soils. 
Calculated (data unavailable) 
Cellulose Absorption 
Index (CAI) 
Nagler et al., (2000) Relative depth of cellulose absorption by non-photosynthetic 
vegetation/biomass cover (Daughtry et al., 2005). Calculated 
(data unavailable) 
Normalized 
Difference Lignin 
Index (NDLI) 
Serrano et al., (2002) Estimates Ligno-cellulose content or mass of senesced plant 
materials. Calculated 
(data unavailable) 
Normalized 
Difference Nitrogen 
Index (NDNI) 
Serrano et al., (2002) For foliar nitrogen concentration estimation. Calculated (data 
unavailable) 
Table continues next page 
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*Variable/ 
Index 
Reference/ 
Source 
Description 
Ligno-Cellulose 
Absorption Index 
(LCA) 
Daughtry et al., (2005) Used for live and senesced biomass (Numata, 2008). 
Calculated (data unavailable) 
Shortwave Infrared 
Normalized 
Difference Residue 
Index (SINDRI) 
Serbin et al., (2009) Estimates the amount of crop residue cover over multiple 
locations. Calculated (data unavailable) 
Dry Matter Content 
Index (DMCI) 
Romero et al., (2012) Used for estimation of plant canopy biomass (Wang L. et al. 
2013). Calculated 
(data unavailable) 
Reciprocal of 
Moisture Stress Index 
(RMSI) 
Hunt and Rock (1989) Measure of the effects of drought and catastrophic plant 
wetness (https://www.ncdc.noaa.gov/societal-impacts/cmsi/). 
Calculated 
(data unavailable) 
Simple Ratio Water 
Index (SRWI) 
Zarco-Tejada et al., 
(2003) 
Calculated 
(data unavailable) 
Plant Water Index/ 
Plant Water 
Concentration (PWC)  
Penäuelas et al., 
(1995) 
Measures amount of water concentration in plants as a proxy 
for drought assessment. Calculated (data unavailable) 
Modified Soil 
Adjusted 
Crop Residue Index 
(MSACRI) 
HongRui et al., (2012) Estimating regional non-photosynthetic biomass. Calculated 
(data unavailable) 
Soil Adjusted Corn 
Residue Index (SACRI) 
HongRui et al., (2012) Estimating regional non-photosynthetic biomass.  Calculated 
(data unavailable) 
Difference Vegetation 
Index 
Tucker (1979) Distinguishes between soil and vegetation, but it does not 
account for the difference between reflectance and radiance 
caused by atmospheric effects or shadows (“Broadband 
Greenness (Using ENVI) | Exelis VIS Docs Center,” n.d.). 
Calculated (data unavailable) 
Normalized 
Difference Index (NDI) 
HongRui et al., (2012 Estimating regional non-photosynthetic biomass. Calculated 
(data unavailable) 
Table continues next page 
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*Variable/ 
Index 
Reference/ 
Source 
Description 
Normalized 
Difference 
Temperature Index 
(NDTI) 
(Peng et al., 2013) Used for approximating moisture availability. Calculated (data 
unavailable) 
Global Environmental 
Monitoring Index 
Pinty, B., and M. 
Verstraete (1992) 
Used for global environmental monitoring from satellite 
imagery and attempts to correct for atmospheric effects. 
Calculated (data unavailable) 
Green 
Atmospherically 
Resistant Index (GARI) 
Gitelson et al., (1996) This index is more sensitive to a wide range of chlorophyll 
concentrations and less sensitive to atmospheric effects than 
NDVI. Calculated (data unavailable) 
Green Difference 
Vegetation Index 
(GDVI) 
Sripada, et al., (2006) Used to predict nitrogen requirements for corn. Calculated 
(data unavailable) 
Green Normalized 
Difference Vegetation 
Index (GDVI) 
Gitelson and Merzlyak 
(1998) 
This index is more sensitive to chlorophyll concentration than 
NDVI. Calculated 
(data unavailable) 
Green Ratio 
Vegetation Index 
(GRVI) 
Sripada et al., (2006) Index minimizes the effects of background soil while 
emphasizing green vegetation and uses global coefficients 
that weigh the pixel values to generate new transformed 
bands. Calculated 
(data unavailable) 
Infrared Percentage 
Vegetation Index 
(IPVI) 
Crippen (1990) This index is functionally the same as NDVI, but it is 
computationally faster. Calculated 
(data unavailable) 
Modified Non-Linear 
Index (MNLI) 
Yang et al., (2008) This index is an enhancement to the Non-Linear Index (NLI) 
that incorporates the Soil Adjusted Vegetation Index (SAVI) 
to account for the soil background. Calculated 
(data unavailable) 
Non-Linear Index 
(NLI) 
Goel and Qin (1994) This index assumes that the relationship between many 
vegetation indices and surface biophysical parameters is 
non-linear. Calculated 
(data unavailable) 
Table continues next page 
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*Variable/ 
Index 
Reference/ 
Source 
Description 
Optimized Soil 
Adjusted Vegetation 
Index (OSAVI) 
Rondeaux et al., 
(1996) 
The index provides greater soil variation than SAVI for low 
vegetation cover, while demonstrating increased sensitivity to 
vegetation cover greater than 50% and is best used in areas 
with relatively sparse vegetation where soil is visible through 
the canopy. Calculated 
(data unavailable) 
Renormalized 
Difference Vegetation 
Index (RDVI) 
Roujean and Breon 
(1995) 
Used to highlight healthy vegetation and is insensitive to the 
effects of soil and sun viewing geometry. Calculated 
(data unavailable) 
Transformed 
Difference Vegetation 
Index (TDVI) 
Bannari et al., (2002) Useful for monitoring vegetation cover in urban 
environments as it does not saturate like NDVI and SAVI. 
Calculated 
(data unavailable) 
Visible 
Atmospherically 
Resistant Index (VARI) 
Gitelson et al., (2002) Used to estimate the fraction of vegetation in a scene with 
low sensitivity to atmospheric effects. Calculated 
(data unavailable) 
WorldView Improved 
Vegetative Index 
(WV-VI) 
Wolf (2010) This index uses WorldView-2 bands to compute NDVI. 
Calculated 
(data unavailable) 
Topographic Wetness 
Index (TWI)” 
Cohen et al., (2013) Measure representing the amount of water that should enter 
a given spatial unit divided by the rate at which the water 
should flow out of that unit (Sørensen et al., 2006). Calculated 
(data unavailable) 
Urban Index Kawamura et al., 
(1996) 
Used as an indication for urban built up area intensity. 
Describes building density. Calculated. (data unavailable) 
 
Normalized 
Difference Impervious 
Surface Index (NDISI) 
Xu et al., (2010)  
Used to investigate the impervious surfaces an area 
.Calculated 
(data unavailable) 
*Resolution depend on the image that is used during index derivation  
―Indicates index already used in epidemiological studies 
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Abstract 
Malaria has drastically declined in Swaziland and the country aims for elimination by 
the year 2016. Spatially explicit maps on micro epidemiological variations in malaria 
incidence risk are needed to aid the country to target and prioritize interventions in the 
high risk areas for impact. The study developed a polynomial distributed lags model 
of up to three months to assess the relative contribution of climatic factors, mosquito 
breeding sites and human related factors in space and time. A Bayesian geostatistical 
and temporal negative binomial model was fitted on malaria incidence data to predict 
the disease at high spatial and temporal resolutions. Thus we produced the country’s 
first model based monthly maps of malaria incidence risk. The results showed that 
LST day and NDVI lags were associated with malaria after about 1
 
 
 months (Lag 4) 
while LST night was important from the first two weeks up to 1 month (Lags 2 & 4). 
On the other hand rainfall was negatively associated with malaria on the first month 
(lag 2) and became important in the second and third month (Lags 5 & 6).  Maps of 
malaria incidence prediction showed high rates in the months of July and September 
(> 8.2 cases per 1000 people). February and March had the lowest incidence rates at 
less than 5.3 cases per 1000 people. This could be attributed to the heavy rains that are 
received around this time, thus inhibiting transmission while the peak in the drier 
period of July could be a result of previous rainfall episodes.  These maps could be 
useful for timing and targeting of control interventions by the control programme.  
 
Keywords: malaria elimination, Bayesian modeling, remote sensing, Swaziland 
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4.1 Introduction 
Recent declines in malaria transmission in Southern Africa shifted the focus of 
national control programs in the region towards elimination (Cohen et al., 2013; 
Hsiang et al., 2012). Swaziland, Namibia, Botswana and South Africa constitute the 
elimination frontline countries, whereby Swaziland is already on its elimination path 
which was first targeted to begin in 2015 until certification by the World Health 
Organization in the year 2018. During the interval from the target year to certification, 
there should be zero locally acquired malaria cases, however bringing cases down to 
zero remains operationally challenging (Moonen et al., 2010). For instance, the 
country recorded about 603 malaria cases in the transmission season of July 2014-
June 2015 forcing the National Malaria Control Programme (NMCP) to shift its goal 
of elimination by one year from 2015 to end of 2016. Indeed with recent funding from 
the Global Fund, the country is geared towards implementing its revised Malaria 
Elimination Strategic Plan of 2015 to 2020. Consequently, strong surveillance and 
sustained control with evidenced based intervention strategies is needed in the critical 
phase of elimination to qualify the country as malaria free. 
 
Swaziland, a landlocked country located in Southern Africa has already scaled up its 
malaria interventions in an effort to eliminate local transmission by 2016 (Ministry of 
Health, 2015). According to Churcher et al., (2014) Swaziland has already halted 
endemic transmission. Nonetheless, recent malaria data show that the country will 
continue to struggle with emerging cases and importation from neighboring regions 
resulting in seasonal uncertainties on the national incidence rates. For instance, a 
study by Koita et al., (2013) showed that importation from Mozambique accounts for 
over 90% of malaria transmission in Swaziland. Furthermore, data from the 
Swaziland malaria control programme for the transmission season proceeding the then 
target year of 2015 showed an alarming 82% increase in local cases (112 to 204 
malaria cases) for the seasons July 2012 to June 2013 and July 2013 to June 2014. 
Such seasonal upsurge in cases reemphasizes the need for sustained interventions and 
watchfulness even when endemic transmission has been halted. 
 
In Swaziland, malaria transmission occurs on the eastern part of the country where it 
shares a border with Mozambique and on the south eastern part bordered by South 
Africa (NMCP, 2010). Seasonal low unstable transmission characterizes the malaria 
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situation where its peak is associated with episodes of high rainfall during the summer 
season between November and May each year (Ministry of Health, 2012). 
Surveillance is an integral part of the malaria elimination efforts in Swaziland and as 
such since October, 2009 it has been strengthened to include reactive surveillance 
through follow up of individual cases reported at health facilities (Cohen et al., 2013). 
This involves collection of demographic information about the patient, travel history 
which helps in classification of cases as either local or imported based on onset of 
symptoms. GPS coordinates of the case’s residence are also captured. 
  
Studies on spatio-temporal variations in malaria incidence are important not only to 
assess the problem of malaria in a given region, but also to analyze the effectiveness 
of preventive strategies (Zacarias and Andersson, 2011). Geostatistical spatio-
temporal models are useful for identifying spatial heterogeneities and for assessing 
those environmental factors associated with disease incidence. These models can be 
used as tools for assessing both primary and secondary response prevention measures, 
as well as their effect and impact. In addition spatially explicit model-based maps on 
micro epidemiological variations are important for malaria elimination as endemic 
transmission declines to residual foci. These maps are still needed in order to aid 
surveillance and vector control efforts and to better target and prioritize planned 
interventions (Giardina et al., 2012; Gosoniu et al., 2012).  
 
Currently, existing malaria maps in the country are descriptive geolocation of 
individual cases with little information about the explaining background factors 
responsible for transmission. Planning and implementation of intervention in a cost 
effective manner requires more explicit and reliable maps on the geographic 
distribution of malaria incidence at high spatial and temporal resolution (Kulkarni et 
al., 2010). These maps estimate incidence risk over gridded surfaces of factors driving 
the micro epidemiology of the disease. A number of factors have been associated with 
malaria micro-epidemiology such as distance to water body, breeding sites, vegetation 
cover including population movements (Bousema et al., 2012). The contribution of 
these factors to malaria transmission depends on the local conditions which can be 
derived from climatic and environmental proxies. In Swaziland studies investigating 
the contribution of these micro epidemiological factors together with climatic proxies 
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associated with local malaria transmission are limited and have until recently been not 
available. 
 
Geostatistical models for mapping survey data have been developed to produce high 
resolution maps of malaria risk (Gosoniu et al., 2010), however very few efforts have 
been made for modeling incidence data in very low endemic settings characterized by 
diminishing malaria and episodic individual cases such as observed in Swaziland. 
Spatial heterogeneities at fine geographic scales can be used to identify patterns in 
malaria transmission and therefore understand the variations in time and space of the 
driving factors for better planning, preparedness and response (Amek et al. 2012). A 
combination of Bayesian modeling with Geographic Information Systems (GIS) have 
led to advancements in the field of spatial epidemiology and disease mapping. 
Consequently, it is now possible to explore and characterize different sets of spatial 
disease patterns at a very fine geographical resolution (Banerjee, 2004).  
 
In this study we used Bayesian geostatistical modeling to assess the association 
between climatic factors and malaria incidence in space and time. A Bayesian 
geostatistical negative binomial model was fitted on malaria incidence data using a 
polynomial distributed lag function. We chose distributed lag models (DLMs) because 
they are useful when the outcome of interest is a result of a cumulative effect from 
previous time periods. They provide the estimate of the best distributed lag function 
which describes changes in risk factors for the outcome of interest. This function can 
be used to assess if the effect of risk factors on the outcome is immediate or rather 
slowly as a result of a build up from previous conditions. In case of malaria, studies 
have shown that the elapsing time between climatic factors and onset of malaria 
depends on past weather conditions Najera et al., (1998) in what is termed epidemic 
buildup. Understanding the elapsing time and its effect on malaria transmission is 
important for planning, preparedness and response. Geostatistical models relate the 
disease data with potential predictors and quantify spatial dependence via the 
covariance matrix of Gaussian process facilitated by adding random effects at the 
observed locations (Karagiannis et al., 2013). In this study potential predictors 
included: environmental variables such as rainfall, temperature and normalized 
difference vegetation index (NDVI) as well as distance to water bodies, altitude, 
landuse and landcover. 
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4.2 Methods 
4.2.1 Malaria incidence data  
Geolocated malaria incidence data for a 5 year period (2010-2015) was obtained from 
the National Malaria Control Programme (NMCP) of Swaziland. The data comprised 
of reactively investigated symptomatic cases that have presented at health facility.  
Cases were already classified into either imported or local based on travel history of 
patients by investigating officers from the NMCP. Local cases with valid geographic 
coordinates were aggregated by enumeration area (EA) which is the lowest census 
unit and analyzed. In addition cases identified via active cases detection in the 
neighboring households of the index case were also included in the analysis. The 
population in each of the EA was used as an offset in the negative binomial model in 
order to take into account the spatially contextual background. Landuse of the EA was 
also assessed in the model. The data were organized according to the malaria 
transmission season which is July to June each year. Out of a total of 1229 malaria 
cases, 43% were local cases and only these were used during analysis. 
 
4.2.2 Environmental data collection and processing 
Remotely sensed climatic data were downloaded from the Reverb ECHO system 
(NASA, 2007). These data included a 1 km resolution normalized difference 
vegetation indices (NDVI) available biweekly and 1 km day and night land surface 
temperature (LST) emissivity indices both available weekly. The data are products of 
the Moderate Resolution Imaging Spectroradiometer (MODIS).  Eight km resolution 
dekadal rainfall was obtained from the Africa Data Dissemination Service (ADDS), a 
data portal for the Famine Early Warning Systems (FEWS) network. In addition, a 
30m resolution Digital Elevation Model (DEM) from ASTER (Advanced Spaceborne 
Thermal Emission and Reflection Radiometer) and a 1 km resolution landcover image 
from MODIS was obtained for Swaziland. To understand the association between 
malaria incidence and environmental conditions, all remotely sensed climatic factors 
were extracted at each EA centroid with a reported malaria case. A summary of 
remote sensing data is presented in Table 4.2.  
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Table 4.2: Variables used in analyzing malaria incidence 
Variables  
 
Spatial 
Resolution 
Temporal 
Resolution 
Period Source 
Normalized 
Difference 
Vegetation 
Index (NDVI) 
1km 16-days 2009- 
2014 
 
MODIS 
Land Surface 
Temperature 
(LST) 
1km 8-days 2009- 
2014 
MODIS 
Rainfall 
Estimates 
8km  
 
10-days 2009- 
2014 
ADDS 
Land Cover 1km Yearly 2010-2012 MODIS 
Altitude 30m Yearly - ASTER 
 
 
4.2.3 Bayesian geostatistical modeling 
A Bayesian model based on distributed lags was formulated and implemented in order 
to better understand the association between environmental factors and an increased 
number of malaria reported cases (malaria incidence risk) at distributed lags of up to 
12 weeks (3 months). This was done to take into account the possible elapsing time 
(lag) between the predictive variables which included rainfall, LST and NDVI and the 
outcome variable (malaria case) and also to determine the best combination of lags 
that predicted malaria incidence risk. Other factors which consisted of fixed terms 
included landcover, landuse, altitude and distance to water bodies. Extracted 
environmental data and malaria incidence data were first processed in STATA version 
13.0 and then fitted to a negative binomial model in WinBUGS using a polynomial 
function constrained to power two as follows: Let    be the average number of malaria 
cases at a given location s=  ,….  with likelihood    ~dnegbin(  ,  ) where    is the 
proportion of malaria cases in a defined location and    is the dispersion parameter 
and      
   
 
 while    
           . The model was written as:           
                               , where     is the number of malaria cases 
in each location and   are the regression coefficients,   are the model covariates and 
  are temporal random effects. The distributed lag model was restricted to a 
polynomial function of power 2 which was formulated as follows: 
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Where   is the categorical variable for the covariate corresponding to      coefficient 
and   is the intercept for locations     . The model describes the relationship 
between an independent value of     and the corresponding dependent mean   . This 
is summarized as       . The model gives the expected    of malaria cases given the 
corresponding value of each categorical variable at location s. 
 
 4.2.4 Determining important lags using Bayesian variable selection 
We applied Bayesian variable selection to determine the most important lag time 
between environmental factors and the onset of malaria incidence. We used a 
Stochastic Search Variable Selection method that tries to find those independent 
variables that are greatly associated with the outcome variable of interest thus 
allowing us to fit the model only for those variables that are important in the final 
model. The set of      predictors were fixed into polynomial function describing the 
distribution of each set of predictors where the third power was selected following 
first stage testing of the different polynomials. The model was then restricted to power 
4 for all the predictors comprising of LST, NDVI and Rainfall. For each of the 
polynomial functions      we introduced a binary indicator with 50% chance of 
inclusion into the final model by restricting the variable selection to a Bernoulli 
distribution with probability of inclusion whereby the best set of covariates was 
indicated by the model with the highest posterior probability ranging from 0 to 1. Any 
variables with coefficients above 50 % were selected for the final model. An inverse 
gamma prior was used. To enable prediction we ran the model for 444 parameters 
using Markov Chain Monte Carlo (MCMC) where prior distributions were assigned 
to the parameters in order to complete the model formulation. We then applied 
Bayesian kriging to predict the malaria incidence risk at unsampled locations and 
produce a parasitaemia risk map at 1 km spatial resolution. We used a randomly 
selected sample of 150 locations as a training set for fitting the final prediction model. 
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4.3 Results  
4.3.1 Bayesian geostatistical modeling 
Spatial variations of malaria incidence with climatic and environmental factors were 
estimated for each full transmission season in Swaziland. Results were predictions of 
malaria incidence presented in smoothed surfaces showing monthly variations in 
malaria incidence making it possible to visualize months of initial and peak 
transmission in the country. The predictions were based on bi-weeks polynomial lags 
of up to power 4 which were aggregated up to three months. There was a positive 
association in increase of temperature, rainfall and NDVI and malaria cases at 
polynomial lags of up to three months. For instance the current bi-week (LST day[1]) 
was positively associated with malaria incidence 2.18 (95%  CI: 0.98 to 3.19) while 
the first lag or power 1 (LST day[2]) was negatively associated with malaria cases -
2.63 (95% CI: -2.89 to -2.34).  
 
Interestingly, third bi-week or power 2 (LST day[3]) and fourth bi-week or power 3 
(LST day[4]) were again positively associated with malaria cases (0.1, 95% CI: 0.05 
to 0.17 and 0.22, 95% CI: 0.22 to 0.2357) until the situation start to change in bi-week 
or power 4 (LST day[5]) which is negatively associated. In LST night, the effects of 
the lags was different in the sense that the current week and the first lag were not 
associated with malaria incidence until the second bi-week or power 2 (LST night[3]) 
which was negatively associated with malaria (-0.12 95% CI: -0.13 to -0.10). The 
third bi-week or power 4 was also positively associated with malaria which again 
changes in bi-week of power 4 with negative association. On the other hand NDVI 
was negatively associated with malaria until the third power (NDVI[4]) which was yet 
again positively associated (0.06, 95% CI: 0.05 to 0.06). Rain showed negative 
association in the power 1 (Rain[2]), power 3 rain (Rain[4] and power 4 (Rain[5]) and 
was only positively associated with malaria in power 2 (Rain[3]) with mean 0.23 
(95% CI: 0.22 to 0.25). The results are summarized in Table 4.3 which shows the 
posterior probabilities of the variables polynomial functions ( 2)  
 
 
 
 
 
4.3 Results                       70 
 
 
Table 4.3: Posterior estimates of the distributed lags constrained to power four 
Variable( 2)       mean      sd val2.5pc median val97.5pc 
LST day[1] 2.18 0.657 0.9857 2.326 3.19 
LST day[2] -2.631 0.1884 -2.89 -2.662 -2.341 
LST day[3] 0.1064 0.03389 0.05612 0.09868 0.1741 
LST day[4] 0.2284 0.004625 0.2206 0.2295 0.2357 
LST day[5] -0.02924 3.96E-04 -0.03004 -0.02922 -0.02875 
LST night[1] 0.006163 0.3635 -0.5658 0.1021 0.5285 
LST night[2] 0.2757 0.2006 -0.00967 0.2314 0.5429 
LST night[3] -0.124 0.008557 -0.1372 -0.1264 -0.1077 
LST night[4] 0.02868 0.00142 0.02657 0.02925 0.03084 
LST night[5] -0.00271 3.32E-04 -0.00326 -0.00258 -0.00221 
NDVI[1] -0.3156 0.3682 -0.996 -0.2119 0.2182 
NDVI[2] -0.2407 0.1474 -0.4127 -0.2853 0.008079 
NDVI[3] 0.001152 0.01623 -0.01974 -0.00238 0.04276 
NDVI[4] 0.06359 0.003442 0.05515 0.06441 0.06808 
NDVI[5] -0.00881 2.29E-04 -0.00917 -0.00876 -0.00847 
Rain[1] 0.4434 0.4889 -0.9898 0.6221 0.9489 
Rain[2] -0.7833 0.1917 -0.9561 -0.8864 -0.1917 
Rain[3] 0.2381 0.01018 0.22 0.2379 0.2587 
Rain[4] -0.01037 0.002428 -0.01754 -0.0102 -0.00579 
Rain[5] -0.00132 2.69E-04 -0.00197 -0.0013 -7.94E-04 
 
The bi-week lags were also fitted into the negative binomial model as fixed covariates 
in order to assess the effects of each lag on malaria cases. Other fixed non time 
varying covariates like altitude, waterbody and seasonality, were also added into the 
model. The earlier lags of the 2
nd
 and 3
rd
 bi-week for LST day were negatively 
associated with malaria compared to later lags of the 4
th
, 5
th
 and 6
th
 bi-weeks. The 
effects changes from a negative association to a positive one after about one month. 
Interestingly LST night was positively associated with malaria cases in the 2
nd
 and 3
rd
 
bi-week lags with means 0.49 (95% CI: 0.17 to 0.91), 1.9 (95% CI: 1.55 to 2.52) and 
1.66 (95% CI: 1.39 to 1.62) respectively which jointly are also equivalent to an effect 
of about one month. Similarly NDVI was negatively associated with malaria in the 
earlier lags of about 1
 
 
 month (bi-week lags 1, 2 & 3) and was positively associated in 
the latter lags of the 2
nd
 and 3
rd
 months (bi-week lags 4, 5 & 6). Rainfall was 
negatively associated with malaria case on the 2
nd
 bi-week lag and positively 
associated in the 5
th
 and 6
th
 lags of the 2
nd
 and 3
rd
 months with means 0.35 (95% CI: 
0.09 to 0.93) and 0.36 (CI: 0.16 to 0.67) respectively. The results are summarized in 
Table 4.4 and the resultant maps are displayed in Figures 4.3.1, 4.3.2 and 4.3.3. 
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Table 4.4: Posterior probabilities for fixed bi-week lags of environmental factors 
variable Lag      mean      sd val2.5pc median val97.5pc 
LST day Lag 1 -0.1451 0.445 -1 -0.05983 0.5578 
 Lag 2 -1.297 0.2059 -1.739 -1.261 -0.9551 
 Lag 3 -0.9561 0.09027 -1.122 -0.9623 -0.7872 
 Lag 4 0.4922 0.2407 0.1771 0.4447 0.9126 
 Lag 5 1.963 0.3005 1.555 1.892 2.528 
 Lag 6 1.668 0.1928 1.393 1.625 2.091 
 Lag 7 -2.883 0.2861 -3.391 -2.884 -2.448 
LST night Lag 1 0.1838 0.1798 -0.1447 0.2328 0.4541 
 Lag 2 0.2475 0.07481 0.1214 0.2427 0.4208 
 Lag 3 0.2718 0.1498 0.03271 0.2404 0.577 
 Lag 4 0.2662 0.199 -0.0304 0.1975 0.6114 
 Lag 5 0.1751 0.1532 -0.04733 0.1231 0.4599 
 Lag 6 -0.1222 0.1056 -0.3501 -0.1102 0.06071 
 Lag 7 -0.8112 0.479 -1.7 -0.6842 -0.03606 
NDVI Lag 1 -0.5004 0.2157 -0.9203 -0.459 -0.1579 
 Lag 2 -0.4247 0.07643 -0.5662 -0.4235 -0.27 
 Lag 3 -0.02417 0.112 -0.1951 -0.05566 0.1894 
 Lag 4 0.554 0.1873 0.3336 0.4903 0.9159 
 Lag 5 0.9512 0.1771 0.7373 0.8958 1.299 
 Lag 6 0.5974 0.0683 0.4687 0.595 0.7303 
 Lag 7 -1.289 0.3305 -1.922 -1.184 -0.8273 
Rain Lag 1 -0.1135 0.3018 -0.9562 -0.02793 0.2342 
 Lag 2 -0.2749 0.1329 -0.5975 -0.2561 -0.07677 
 Lag 3 -0.1505 0.09798 -0.3069 -0.1598 0.08106 
 Lag 4 0.1186 0.1824 -0.1032 0.06273 0.6572 
 Lag 5 0.3595 0.2065 0.09986 0.2959 0.9364 
 Lag 6 0.3677 0.1306 0.1619 0.3469 0.6715 
 Lag 7 -0.0928 0.1959 -0.5978 -0.0567 0.189 
Wet season - 1.532 0.9761 0.04397 1.381 3.896 
Dry season - -0.07404 9.999 -19.6 -0.07795 19.65 
Altitude - -0.2638 0.1592 -0.5927 -0.2573 0.03222 
Waterbody - 0.01113 0.09569 -0.1697 0.007787 0.2111 
 
 
 
4.3 Results                       72 
 
 
 
 
Fi 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
Figure 4.3.1: Predicted malaria incidence for July-October 
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Figure 4.3.2: Predicted malaria incidence for November-February 
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Figure 4.3.3: Predicted malaria incidence for March-June 
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4.4 Discussion 
This study showed a consistent spatio-temporal correlation between climatic factors 
and malaria incidence risk and as such the maps provide an explicit guide for resource 
optimization as they show the areas to be targeted with intervention to achieve high 
impact. While high incidence risk is predominantly in the eastern lowlands of the 
country its magnitude varies from month to month and the results also suggest that 
additional non-climatic factors including socio-economic conditions, elevation, etc. 
also influence malaria transmission. Most of the areas at risk are below an altitude of 
400 meters and also dominated by rural settlements. Although the influence of 
climatic and environmental factors on malaria transmission is known, this study is the 
first to identify a geostatistically significant correlation between climatic factors and 
malaria incidence risk in Swaziland. The maps depict a considerable month to month 
fluctuation in malaria incidence with highest incidence rates occurring in September 
and January respectively. In sharp contrast, very low incidence rates were observed 
for the months of February and March. It can be noted that a high proportion of cases 
that are seen in the months of December to March are usually a result of importation 
from nearby endemic countries, hence it can be concluded that local transmission 
essentially begin in the months April to November. 
 
At three months lags, the study was able to quantify, the delay or buildup period for 
climatic factors and onset of malaria cases. Therefore, the algorithm used in this 
modeling can be adopted and used by the control programme for short to medium 
term forecasting of epidemics thus enabling intervention measures to be timely and 
well placed.  Since the study produced the first monthly explicit maps of spatial 
variations in the country, these can be used as on-the-ground guide for not only timing 
interventions but also identifying priority areas for high impact as shown in the 
smoothed maps of monthly predicted malaria incidence in Figures 4.3.1, 4.3.2 and 
4.3.3. These predicted maps illustrated spatial variations between months with areas 
of high predicted malaria incidence risk occurring in the eastern low part of Swaziland 
and a few locations with low predicted malaria incidence spreading towards the 
western part of the country. Of note is that the spread towards the west follows areas 
of low altitude which are channels with the same elevation as the eastern high 
incidence risk areas.  
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4.4.1 Conclusions 
The Bayesian modeling methods developed and used in this study can be built on and 
modified for rapid forecasting models to assist countries with very low malaria 
incidence rates understand the micro epidemiology of the disease over very small 
areas and therefore optimally deploy malaria interventions in accordance with the 
severity of the observed malaria episodes. High resolution maps are useful in 
analyzing factors influencing transmission for very low endemic settings like 
Swaziland. Results show that the country is on track towards elimination as average 
predicted malaria cases become less in some months and the area predicted to be at 
risk demonstrate clearly a case of diminishing malaria. 
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Abstract 
Although there has been much progress in the fight against malaria, threats of 
resurgence remain. Malaria is driven by multiple factors involving interactions 
between vectors, parasites and human hosts. The environmental determinants of these 
factors are what is of interest in epidemiology since understanding them can result in 
better disease control and even elimination. In this investigation we revisited some of 
the vegetation indices earlier proposed by ecologists that could be used as predictors 
for malaria incidence risk. These were indices that were derived using the first 
generation satellites which however had not been taken up in epidemiological studies. 
Using the derivation formulae provided by the author of the index we derived some of 
the indices and assessed how they were associated with malaria incidence risk in 
Swaziland. All of the twelve vegetation indices that were analysed using bivariate 
regression were associated with malaria incidence. Following fitting the same indices 
into a negative binomial regression model the months of May, June, July and August 
were significantly associated with malaria incidence in seven vegetation indices. The 
month of November was significant only for the Modified Normalized Difference 
Vegetation Index (MNDVI) -1.23 (95% CI, -2.42:-0.04) p value 0.042. For the 
Atmospherically Resistant Vegetation Index (ARVI) in July malaria incidence was 
estimated at 3.81 cases (95% CI, 1.30:6.32) and p value 0.03 while in August 
incidence decreased by -3.84 cases (95% CI, -6.95: -0.73) and p value 0.015. 
Interestingly, all the environmental indices that were significantly associated with 
malaria cases for the month of May were significant manly in the year 2014, whereby 
only SARVI showed a significant association also in May 2011. Further research 
assessing the relationship of these indices with other malaria data could be useful in 
establishing their potential application in epidemiology as we have already observed 
in our examination of same using malaria incidence data. 
 
Keywords: Environmental indices, satellite-derived products, malaria incidence, 
epidemiology. 
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5.1 Introduction 
Malaria control and elimination has been a human struggle since ancient times. 
Although much progress has been made in recent years, threats of resurgence (Pascual 
et al., 2006; Cohen et al., 2012) remain a challenge and calls for sustained efforts 
rather than complacency in the fight against malaria. According to the World Health 
Malaria report of 2015, there were 215 million new cases and 430 000 malaria deaths 
in 2015 worldwide indicating that more targeted malaria control efforts are still 
needed to control and eliminate malaria in places with on-going transmission 
(Protopopoff et al., 2007; Zhou et al., 2010). Malaria transmission is driven by 
multiple factors that influence the vectors, parasites, human hosts, and the interactions 
among these. Furthermore, these factors are influenced by meteorological and 
environmental conditions whose proxies have been widely used as covariates and 
predictors for malaria transmission (Ageep et al., 2009; Zacarias and Andersson, 
2010). Some of these factors could be understood by using remote sensing techniques. 
Many studies have looked at associations between malaria transmission and 
meteorological conditions such as temperature and rainfall including investigating 
related vegetation indices such as the Normalized Difference Vegetation Index 
(NDVI) among others ((Dantur Juri et al., 2015; Dlamini et al., 2015; Reiner et al., 
2015; Srimath-Tirumula-Peddinti et al., 2015). Understanding the environmental 
conditions driving vector distributions  is crucial in developing models for disease 
prevention, control and elimination (Stensgaard et al., 2016).  
 
 Environmental proxies have routinely been obtained from open sources such as 
Reverb ECHO system by the National Aeronautics and Space Administration 
(NASA) website since 2007 where a variety of MODIS composites can be obtained. 
Other environmental data access websites include: United States Geological Survey 
(USGS) established in 1879, the European Space Agency (ESA) since 2000, Famine 
Early Warning System (FEWS) since 1985 covering Africa (USAID), Copernicus 
European Earth monitoring program formerly known as Global Monitoring for 
Environment and Security (GMES) and other website blogs with links to various 
remote sensing data sources such as EarthEnable. Remote sensing data is preferred 
because of its wider horizontal resolution coverage i.e. global or continental scales 
and near real-time availability. However, there exists an inexhaustible list of 
environmental indices that have been derived by ecologists and remote sensing 
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experts over the entire duration of satellite launches and space exploration era. Many 
of these indices were derived during the first generation of remote sensing images and 
following improvements in sensor capturing capabilities, we believe that indices 
derivation has also improved. We were therfore interested in evaluating and testing 
some of the earlier proposed indices using the current remote sensing images for 
malaria incidence risk estimation in Swaziland. For example, indices like the Soil-
Adjusted Vegetation Index (SAVI) were proposed by Heute et al., in 1988 nearly 30 
years ago yet they remain unknown in epidemiology. Other indices like the Modified 
Normalized Difference Vegetation Index MNDVI by Jurgens, (1997), Transformed 
Vegetation Index (TVI) by Deering et al., (1977), Weighted Difference Vegetation 
Index (Clevers, 1991) and the Soil Adjusted and Atmospherically Resistant 
Vegetation Index (SAVRI) by Kaufman and Tanré (1992) have also been derived 
during the first application of satellite captured images in environmental monitoring. 
The list of such environmental indices is endless yet they have not received much 
attention in epidemiology. 
 
Environmental data is one of the main sources for health risk assessment in public 
health that has been extensively used, for instance in ecological studies on vector 
densities (Frumkin, 2008). In epidemiology, commonly used environmental proxies 
include the Normalized Difference Vegetation Index (NDVI), Land Surface 
Temperature (LST) and rainfall. In addition, a limited list of readily available and 
easily derivable vegetation indices such as those on landuse and landcover is also 
used. Weiss et al., (2015) reviewed a list of spatial correlates that have been used in 
mapping plasmodium malaria mapping and concluded that the new covariates 
provided improved representation of malaria risk patterns and how the risk was 
changing over time. Wu (2014) reviewed some of the earlier developed indices for 
terrestrial ecosystem monitoring and observed that they had sensitivity limitations in 
dry areas with low vegetation cover. To overcome this limitation a new index called 
the Generalized Difference Vegetation Index (GDVI) is proposed. Although new 
indices are being relentlessly explored as new sensors with improved image capture 
capabilities are launched we believe that there is a need to revisit the earlier proposed 
indices which were based on the first generation of satellite data as their performance 
in epidemiological studies was not exhaustively assessed. We therefore embarked on 
an exploratory analysis to assess if these rarely used and earlier proposed indices were 
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associated with malaria incidence in Swaziland. This was made necessary by the fact 
that better spatial data resolutions are likely to improve the indices derivation 
algorithms and thus improve image visualization and interpretation. There is strong 
consensus among remotely sensed data end-users and experts that high spatial, 
spectral and temporal resolution data images can improve the way we understand and 
interpret spatial phenomenon (Hay et al., 1998; Beck et al., 2000; Wulder et al., 
2004). 
 
In this current work, we assess the association between some of the vegetation indices 
that were derived by ecologists using sensor images captured from the first generation 
of satellites with malaria incidence data in Swaziland. Since most of the earlier 
images had poor resolutions compared to current images we believe that the earlier 
derived indices might still be applied in epidemiological studies just like the rest of 
the commonly used indices. Since their uptake was limited by inter alia poor 
resolutions of the source images that were used to derive them, their potential in 
epidemiology are therefore not yet fully and exhaustively explored.  
 
5.2 Methods 
5.2.1 Study area 
Malaria in Swaziland is now near elimination with limited sporadic cases occurring 
during the malaria transmission season which follows summer rains of around 
November to May each year. The main parasites are from Plasmodium falciparum 
which is about 99% of all malaria cases (MIS, 2010). Because of the limited number 
of cases occurring in this pre-elimination phase, identification of the environmental 
drivers of malaria incidence has become more challenging. The country now aims for 
total elimination by end of 2016 and has consequently bolstered malaria surveillance 
and other intervention efforts towards this goal. Over the years of sustained efforts 
against malaria Swaziland has reduced malaria cases from 9,700 in 1995 to a merely 
243 cases in 2013 (Ministry of Health, 2014). However, the cases doubled in the 
transmission season of July 2014 to June 2015 as reported cases reached 603 
demonstrating that active vigilance is required at all times in order to achieve 
elimination. Indeed, this upsurge in cases shows that even after eliminating malaria, 
the country could still face resurgence from imported cases of infected people 
traveling from neighbouring endemic areas. The anti-malaria activities carried out by 
5.2 Methods   82 
 
 
the National Malaria Control Programme (NMCP) include indoor spraying (IRS) with 
insecticides, distribution of Long Lasting Insecticide Treated Nets (LLIN) and 
suspected case rapid diagnosis using Rapid Diagnostic Tests (RDTs) and treatment of 
all malaria cases with artemisinin-based combination therapy (ACT). 
 
5.2.2 Malaria incidence data 
In Swaziland, malaria incidence data is routinely collected during follow up of cases 
reported from health facilities. The surveillance officers from the NMCP react to a 
malaria case notification sent via short message service (SMS) by visiting the 
patient`s place of residence and conducting interview where origin of the case is 
determined. This surveillance exercise involves capturing the geographic coordinates 
of the patient`s household with a Global Positioning System which are later entered 
into a central malaria surveillance database. The malaria incidence data was obtained 
from the NMCP for a 4 year period from January 2010 to December 2013. The data 
included the origin of the cases in terms of whether they were imported or locally 
acquired as well as the corresponding GPS location of the case. The cases were then 
summed up at Enumeration Area (EA) which is the lowest administrative unit in the 
country and aggregated by the month and year in which the case was reported. Figure 
5.2.0 shows the EA centroids that were sampled for the environmental indices proxies 
and upon which malaria cases were aggregated. 
 
5.2.3 Vegetation indices data 
Following a review of environmental proxies derived by ecologists and remote 
sensing experts, we selected a list of 12 vegetation indices that had almost the same 
usage and application as NDVI. We wanted to evaluate how well they performed in 
predicting malaria incidence in Swaziland by assessing their association with the 
incidence data.  The environmental data was obtained as composites from MODIS 
and it was made up of four spectral bands which were the: 1 red; 2 blue; 3 near 
infrared and 4 middle infrared. These bands were used to calculate various vegetation 
indices using the algorithms and formulae that were provided by those who proposed 
them. The image composites had a spatial resolution of 250 m and a temporal 
resolution of 16 days. After processing we aggregated the derived indices over one 
month in order to take into account the cumulative effect of environmental factors on 
malaria incidence in Swaziland. Table 5.2 presents the list of vegetation indices that 
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were proposed by ecologists and which were derived using the MODIS composites in 
this investigation. 
 
Table 5.2: Vegetation indices developed using the first generation remote sensing 
images and which were used in this analysis 
Index Name Formula Temporal 
Resolution 
Reference 
Simple Ratio Index 
(SR) 
        16 days Birth et al., (1968) 
Knipling (1970) 
Transformed 
Vegetation Index 
(TVI) 
              16 days Deering et al., (1975) 
Soil-Adjusted 
Vegetation Index 
(SAVI) 
              
           
 
16 days Huete (1988) 
Optimized Soil-
Adjusted 
Vegetation Index 
(OSAVI) 
                         16 days Rondeaux (1996) 
Atmospherically 
Resistant 
Vegetation Index 
(ARVI) 
                      16 days Kaufman and Tanré 
(1992) 
Soil Adjusted and 
Atmospherically 
Resistant 
Vegetation Index 
(SARVI) 
                             16 days Kaufman and Tanré 
(1992) 
Enhanced 
Vegetation Index 
(EVI) 
                             
    
16 days Huete et al., (1997), 
Huete et al., (2002)  
Enhanced 
Vegetation Index 
(EVI2) 
                            16 days Jiang et al., (2008) 
Non-Linear 
Vegetation Index 
(NLI) 
     
     /     
      16 days Goel and Qin (1994) 
Modified Non-
linear Vegetation 
Index (MNLI) 
          
     /     
        16 days Gong et al., (2003) 
Wide Dynamic 
Range Vegetation 
Index (WDRVI) 
                        16 days Gitelson (2004) 
Modified 
Normalized 
Difference 
Vegetation Index 
(MNDVI) 
       
       
 
16 days Jurgens (1997) 
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  Figure 5.2.0: Sampled enumeration area centroids 
 
5.2.4 Performing principal component analysis on the remote sensing 
bands 
In order to conduct preliminary exploratory analysis, we used Stata to perform a 
principal component analysis (PCA) on the four remote sensing bands comprising of 
Red, Blue, Near Infrared and Middle Infrared in order to account for the correlation 
between them. The PCA converts a set of observations that are correlated into a set of 
linearly uncorrelated variables known as principal components. The PCA was 
therefore used to reduce the redundant dimensions of the correlated values of the 
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remotely sensed bands and identify patterns with the highest dimension. By using the 
correlation matric (corr- PCA) we were able to identify the most contributing 
component of each of the four remote sensing bands during index derivation and 
formulation. We used the most contributing component of the remote sensing bands to 
calculate and derive the environmental indices. The input data was a matrix of rows 
and columns for each of the individual remote sensing bands used to derive each 
index. Since the bands were too many for each year (four bands every 16 days), 
meaning we had 92 variables upon which to perform the PCA. This was too much and 
could not be handled well in our statistical analysis and we therefore sampled and 
performed PCA analysis for every third observation of each year. 
 
5.2.5 Statistical analysis 
Statistical analysis for the remote sensing indices and malaria incidence data was done 
in Stata version 14 (StataCorp, 2015). The analysis first involved calculation and 
derivation of each of the indices used in this investigation using the formula provided 
by the author of that particular index. This way we calculated each of the indices by 
utilizing the individual bands extracted from MODIS composites datasets. The 16 day 
temporal resolution datasets were aggregated into monthly indices whereby dates 
were generated from the day of the year on which the data was captured in order to 
identify the month on which the data capture falls. Once the environmental index 
month was identified it was then used to link with the corresponding month of the 
malaria case using the Stata command merge. As an exploratory analysis a bivariate 
regression based on yearly aggregated data was first performed in order to investigate 
how each of the vegetation indices was associated with malaria incidence. The joint 
association of vegetation indices with malaria was investigated using a negative 
binomial regression model which was fitted into the monthly aggregated data in order 
to identify the set of the monthly lags that better explain malaria incidence in 
Swaziland. All 12 vegetation indices were used as predictor variables for malaria 
incidence in each of the Enumeration Areas with reported malaria cases.  
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5.3 Results 
5.3.1 Principal component analysis 
The preliminary analysis using PCA allowed us to identify the dominant bands and 
obtain correlation between the four remote sensing bands. Following PCA calculation, 
the most significant eigenvalues of the remote sensing bands that were used to derive 
the different vegetation indices were identified and used in the final model. The 
eigenvalue which is a list of scalars with a linear system of equation allowed us to 
select the number of components that were used for indices derivation for the 4 year 
remotely sensed data. The results showed that only six components contributed 
eigenvalue of above one for the years 2010-2013, while in the year 2014 five 
components had an eigenvalue above one. Thus we had to consider only the 
components that were above the eigenvalue of one for the derivation and calculation 
of the indices. 
 
5.3.2 Bivariate logistic regression analysis 
Following the data processing and aggregation of the 16 day composites by month 
and merging with malaria incidence data, a bivariate logistic regression model was 
fitted into the data. All 12 of the vegetation indices that were used in the bivariate 
regression were significantly associated with malaria incidence and these are 
presented in Table 5.3. The ARVI and EVI2 which are an enhancement of NDVI 
were significantly associated with malaria with means 0.187 (95% CI, 0.165:0.99) and 
0.667 (95% CI, 0.578:0.756) respectively while the p value was 0.000 for both 
indices. The incidence rate ratio (IRR) was higher for EVI2 at 1.949 (95% CI, 
1.783:2.13) than that of ARVI which was at 1.206 (95% CI, 1.179:1.234). The 
MNDVI which uses the near infrared and middle infrared bands was also positively 
associated with malaria incidence with mean 0.289 (95% CI, 0.249:0.329) and the p 
value was 0.000. The IRR was 1.336 (95% CI, 1.284:1.39). In addition, the MNLI as 
well as the NLI were also positively associated with malaria incidence whereby 
MNLI had mean 1.064 (95% CI, 0.855:1.272) and NLI had a mean of 0.068 (95% CI, 
0.022:0.113). Their p values were 0.000 and 0.003 while their IRR were 2.898 (95% 
CI, 2.354:3.569) and 1.07 (95% CI, 1.023:1.12) respectively. 
 
Interestingly, only one of the vegetation indices was negatively associated with 
malaria incidence and that was the WDRVI which is also another modification of the 
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NDVI. The mean of the WDRVI was -0.272 (95% CI, -0.312:-0.232) with a p value 
of 0.000 and IRR of 0.762 (95% CI, 0.762:0.732). The SAVI which is adjusted for 
areas with sparse vegetation together with its optimised counterpart the OSAVI were 
also positively associated with malaria incidence. SAVI had a mean of 0.346 (95% 
CI, 0.300:0.392) and a p value of 0.000 while OSAVI had a mean of 0.321 (95% CI, 
0.279:0.363) and p value of 0.000. Similarly their IRR were 1.414 (95% CI, 
1.351:1.48) and 1.379 (95% CI, 1.322:1.438) respectively. TVI, SARVI and SR 
which uses the near infrared and the red bands to identify healthy green vegetation 
were all positively associated with malaria incidence with p values of 0.000 
respectively. In general all 12 vegetation indices were significantly associated with 
malaria incidence for consideration as determinants in explaining malaria incidence in 
Swaziland. 
 
Table 5.3: Bivariate analysis of vegetation indices and malaria incidence 
Variable  
          
Coefficient       P value 95% CI 
 
IRR 
 
IRR low 
 
IRR high 
ARVI 0.187 0.000 0.165 0.099 1.206 1.179 1.234 
EVI -10.612 0.000 -12.002 -9.223 0 0 0 
EVI2 0.667 0.000 0.578 0.756 1.949 1.783 2.13 
MNDVI 0.289 0.000 0.249 0.329 1.336 1.284 1.39 
MNLI 1.064 0.000 0.855 1.272 2.898 2.354 3.569 
NLI 0.068 0.003 0.022 0.113 1.07 1.023 1.12 
OSAVI 0.321 0.000 0.279 0.363 1.379 1.322 1.438 
SAVI 0.346 0.000 0.300 0.392 1.414 1.351 1.48 
SARVI 0.257 0.000 0.226 0.289 1.294 1.254 1.335 
SR 0.022 0.000 0.019 0.025 1.023 1.02 1.026 
TVI 0.138 0.000 0.121 0.154 1.148 1.129 1.167 
WDRVI -0.272 0.000 -0.312 -0.232 0.762 0.732 0.793 
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5.3.3 Negative binomial regression 
Following the data processing and aggregation of the 16 day composites by month 
and merging with malaria incidence data, a negative binomial regression model was 
fitted into the data. The vegetation indices that were significantly associated with 
malaria cases are presented in Table 5.4. The ARVI and EVI which are an 
enhancement of NDVI were significantly associated with malaria for the months of 
July and August 2013. For ARVI in July malaria cases were estimated at 3.81 (95% 
CI, 1.30:6.32) and p value 0.03 while in August cases decreased by -3.84 (95% CI, -
6.95: -0.73) and p value 0.015. Furthermore, in the following year 2014 and in the 
month of March cases also decreased by -2.44 (95% CI, -4.50:-0.38) and p value 
0.020. This trend was also the same for NLI, MNLI and EVI2 whereby the months of 
July and August were also significantly associated with malaria. There was also a 
negative association for NLI as cases decreased by -1.21 (95% CI, -2.12:0.30) and p 
value 0.009 and for EVI2 where cases decreased by -4.67 (95% CI, -9.13: 0.21) and p 
value 0.040, both decreases occurring in the month of June for the year 2013.  
 
Interestingly, the MNDVI which uses the near infrared and middle infrared bands was 
the only index that was negatively associated with malaria cases for the month of 
November, -1.23 (95% CI, -2.42:-0.04) and p value 0.042. In addition, six of the 
environmental indices including EVI, SAVI, SARVI, NLI, MNLI and EV12 were all 
significantly associated with malaria cases in the month of May. Although SAVI was 
not significantly associated with malaria cases for all years, it was also positively 
associated for the month of May in the year 2014 with 2.76 (95% CI, 0.35: 5.16) and 
p value 0.024. Out of these indices only EVI was negatively associated with malaria 
cases whereas the rest showed a positive association. SARVI was positively 
associated with malaria cases for the month of May for both year 2011, 3.64 (95% CI, 
0.56: 6.72) p value 0.020 and year 2014, 2.47 (95% CI, 0.29: 4.66) and p value 0.026. 
Interestingly, all the vegetation indices that were significantly associated with malaria 
cases for the month of May were significant in the year 2014, whereby only SARVI 
showed a significant association also in the year 2011.  
 
Vegetation indices that were not associated or important in explaining malaria 
incidence included the TVI which corrects for negative values of the NDVI by adding 
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a constant of 0.5, the OSAVI which is used for areas with sparse vegetation, the 
WDRVI which is also another modification of the NDVI and SR which uses the near 
infrared and the red bands to identify healthy green vegetation. In total out of twelve 
vegetation indices that were used in the negative binomial regression model, eight of 
them proved to be important environmental factors for consideration as determinants 
in explaining malaria incidence in Swaziland. 
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5.4 Discussion 
The bivariate regression analysis of the association between vegetation indices with 
malaria incidence data showed that they may be important for consideration as 
covariates in malaria epidemiology and mapping studies. Since some of the indices 
are an improvement to commonly used indices such as NDVI, there is need to 
investigate this association further with other malaria data in order to find out if there 
is consistency in this association. There is also need to investigate the different 
vegetation indices in order to identify how they change with changes in environmental 
conditions as well as their ability to predict malaria incidence under different land 
cover types. For example, it is expected that the different seasons marked by varying 
amounts of temperature and rainfall and consequently wetness and dryness can help 
us understand and identify important patterns and spatial heterogeneities in malaria as 
they will highlight different environmental and land cover conditions.  
 
The negative binomial regression analysis between vegetation indices and malaria incidence 
data showed that the month of June, July and August were significantly associated with 
malaria. June was negatively associated with malaria for the NLI and EVI2. This can be 
assumed to be a result of the fact that June is the beginning of the dry season as winter sets in 
and rains decrease. Furthermore, most cases that occur around this period are only local cases 
as it is a period before the travelling season and after the rainy season which is from 
November to May. In addition, the month of May was also significantly associated with 
malaria for most of the indices indicating the effect of rainfall around the same period. 
The SAVI, SARVI, EVI2, NLI and MNLI were positively associated with malaria 
while only EVI was negatively associated in the month of May. The month of May is 
also the last month of the rainy season, therefore it is expected that malaria cases still 
occur during this time especially because temperatures remain high while rains 
diminish. This therefore creates a suitable and favourable environment for mosquitoes 
to breed from pools of the previous rain episodes (Dlamini et al., 2015). This also 
goes to demonstrate that although most of the rains fall around January and February 
none of the environmental indices were positively associated with malaria cases in 
this period. Firstly, there are lots of rains that are received in the country which might 
also result in washing away of mosquito larvae (Savage et al., 1990) or killing of adult 
mosquitoes from the downpour thus hindering or even delaying transmission.  
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The environmental indices that are an improvement of NDVI such as ARVI and SAVI 
were significantly associated with malaria for the months of June, July, and August as 
well as May respectively indicating a culmination and accumulation from the previous 
rain season. In August ARVI was positively associated with malaria in July and 
negatively associated in the following month of August. It is possible that as 
mosquitoes can only fly when it is not raining and therefore their ability to transmit 
malaria is hindered during rainy season as they can only fly for short distances. The 
month of November was also significantly associated with malaria cases for the 
MNDVI which interestingly coincide with the beginning of the rain season. This is 
also the time when the mosquitoes that had been breeding during the dry cold months 
begin to mature into adult and fly as temperatures get warmer. However, the 
association was negative which might be a result of the heavy rainfall that falls in the 
beginning of the rain season thus possibly interrupting transmission. The exploratory 
analysis using the PCA helped us to identify which components of the remote sensing 
bands were useful for the indices derivation thus avoiding unnecessary redundancy in 
the final model. 
 
5.4.1 Conclusions 
The indices used here are an example of the many potential environmental proxies 
derived from remote sensing images that could be used in epidemiology. Although the 
indices are not novel in ecology and remote sensing, they are hardly known in 
epidemiology. The purpose of this investigation was to assess the potential of these 
indices in vector-borne disease mapping with intention to bring them into the attention 
of epidemiologist. The list of indices used here was not all that is out there but our 
interest was merely to investigate some of the dated indices as potential covariates for 
disease modelling in epidemiology much as the same way as vegetation indices like 
NDVI are currently used. Eight of the indices were significantly associated with 
malaria indicating that they have the potential for use as predictors in vector-borne 
disease mapping. Further research assessing the relationship of these indices with 
other vector-borne diseases could be useful in establishing their potential application 
in epidemiology as we have already observed in our examination of same with 
malaria incidence data.  
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6.1 Significance of the research work 
6.1.1 Key messages from the study 
This research has contributed new information, tools and methods for consideration in 
malaria control and surveillance. Although we used the case of Swaziland the 
methods and tools suggested in this study are applicable to other countries with 
similar endemic setting as Swaziland. The issues of targeted response are particularly 
addressed and this work demonstrated the need for high quality spatial data if the 
distribution of vector-borne diseases is to be understood. The study also showed that it 
is possible to work with remote sensing data with different spatial resolutions and 
obtain the best maps that show spatial heterogeneities that would have otherwise not 
been identified. The maps produced in this work could be used by the control 
programme of Swaziland as a guiding tool to plan their anti-malaria control 
interventions as they show both areas of potential vector breeding and areas where 
malaria cases are likely to occur.  
 
This study contributed entomological data from the field larva scooping exercise that 
was conducted for the purposes of mapping breeding sites. This was data that would 
have otherwise not been available to the control programme of Swaziland and the 
methods used to map breeding sites resulted in the production of the first 
geographically explicit maps of potential malaria vector breeding sites in the country. 
The maps and the methods produced and developed in this study can be updated with 
new geographic data and thus assist the programme with continually tracking the 
potential breeding sites and monitoring malaria incidence trends in Swaziland.  
 
The study emphasised the importance of high resolution remotely sensed data in areas 
where human populations and disease causing vectors intersect such as large 
subsistence farming fields which are not usually targeted with vector control measures 
like insecticide residual spraying. These are areas which are also frequently visited by 
people during farming and thus may be sources of contact between humans and 
disease carrying vectors. This work therefore demonstrated that malaria transmission 
in Swaziland could essentially be due to occupational behaviour of people located in 
the Lowveld part of the country with on-going malaria transmission as it is an area 
with suitable climatic conditions. The study found an association between malaria 
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vector breeding sites and subsistence farming which could be a result of the ever 
present supply of human host as nearby people frequent the area for cultivation, 
weeding and harvesting. Therefore our work shows that such areas are also important 
for consideration for vector control strategies such as conducting larval source 
management programmes. Current practices in vector control are focused more at 
indoor household or settlement locations with very limited activities dealing with 
vectors directly at their outdoor sources and in the environment where they maintain 
their life cycles. 
 
We have also prepared a first catalogue and library of remote sensing products which 
has potential application to vector-borne disease mapping. This work has therefore 
contributed new information relevant to spatial epidemiology and public health by 
preparing and producing a compendium for environmental data and their products to 
facilitate access by non-remote sensing experts. The knowledge about existing remote 
sensing products is important in order to present end-users like epidemiologist with 
alternatives on the choices of data they use for their disease mapping efforts. This was 
the first catalogue that attempted to pool together all remote sensing products in order 
to address public health needs and interests. It had been widely known that 
epidemiologist used remote sensing data that was already available after being 
processed and packaged by the supplier; however our catalogue brought to the 
attention of the public health community, other existing remote sensing indices that 
could be used as proxies in disease models.  
 
We also highlighted the need to revisit some of the indices proposed earlier by 
ecologists during the first generation of satellite data products following the fact that 
better sensors with better resolution image capturing capabilities have been launched 
in recent years. Thus some of the indices already proposed and derived by ecologists 
could have potential for use in disease mapping following improved spatial and 
temporal resolutions as well as in terms of the number of spectral bands resolution 
definition. Our work was therefore very relevant to current challenges in the ever 
increasing use of spatial data for disease mapping and public health. We succeeded in 
this by addressing the challenges of epidemiologists and public health experts which 
include lack of knowledge and training in the use and handling of remotely sensed 
data. This knowledge gap had to be addressed as current trends show that remotely 
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sensed data is now an inherent part of the spatial epidemiology and vector-borne 
disease mapping community. 
 
This study was dedicated to exploring various cumulative effects of environmental 
factors to malaria incidence in Swaziland by developing and testing various climatic 
lag effects. This work estimated for the first time in the country the lag time between 
certain environmental conditions and the probability of occurrence of a local malaria 
case. The study contributed new information that could be used by the control 
programme not only to time interventions but also to target those areas identified as 
drivers of transmission. Monthly maps showing spatial heterogeneities were presented 
and the same could be used as a guide by the control programme for spatial targeting 
of interventions.   
 
We developed two weeks lags to assess their effects on malaria cases and to 
understand how they influence incidence in the country. In addition to this, a 
polynomial function was fitted into the two weeks lags to estimate the cumulative 
effect and quantify the time it takes for cases to be made manifest from certain 
environmental conditions. The methods used in this analysis could also be extended 
and adapted into algorithms for case load forecasting as this becomes an important 
component of the surveillance system as the country zeroes down to elimination. This 
work further emphasised the need for highly robust and effective methods for 
surveillance and response by demonstrating technical yet applicable algorithms for 
disease modelling and mapping as an integral part of the surveillance component in 
very low endemic settings which are already oriented towards elimination.  
 
We also extended the work done from chapter three by testing some of the new 
indices that have undergone improvement in recent years in terms of both spatial and 
temporal resolutions. We investigated some of the new products with intention to 
assess their use in malaria incidence models and disease mapping. Following the 
availability of new remote sensing data products with better resolutions we felt it was 
necessary to assess if its incorporation into disease analysis models would improve 
our understanding of the drivers and determinants of disease causing elements in the 
environment. This is therefore useful information which could be used to investigate 
how disease risk is estimated and quantified using remote sensing products with 
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different resolutions. Our analysis proved that high resolution is preferred for disease 
mapping in order to identify spatial heterogeneities even at small geographic scales.  
 
We therefore, relay the information that it is important for epidemiologist to be 
constantly looking out for new spatial data sources that have the potential to improve 
their disease mapping efforts instead of relying on available data sources out of mere 
convenience. Furthermore we show that epidemiologist can also benefit from 
synergies with ecologists who are leading the remote sensing community with 
research of and proposing of new index derivation algorithms, a majority of which are 
an improvement from existing ones.  
 
6.1.2 Contributions to malaria surveillance and response 
This work has contributed technical information to the issues of and considerations 
for surveillance and response in low endemic settings characterised by diminishing 
and episodic malaria cases. We addressed the importance of mapping breeding sites 
and incorporating larval source management as part of the broader strategy of 
surveillance for elimination. We highlighted the fact that surveillance should not only 
end with case investigation and detection of asymptomatic cases but should also 
include foci investigation in order to identify and interrupt transmission chains. These 
would require that breeding sites are known to the control programme and constantly 
investigated as possible sources of local transmission.  
 
Furthermore our work contributed to the on-going investigation of which 
environmental factors are responsible for driving malaria transmission including 
understating their cumulative effects on malaria incidence. We presented the control 
programme with spatially explicit maps that could be used as a guide for targeted and 
timed interventions. Thus our work contributed the first model based country maps 
not only to aid response interventions but also to assist with proactive and prioritising 
surveillance strategies.  
 
As Swaziland aims for elimination by 2016 more robust and responsive surveillance 
systems have to be established and the methods used in this study can be extended and 
adapted by the control programme in order to meet the demands and sophistication of 
current surveillance approachess. For example our polynomial lag distribution model 
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can be adapted and extended into methods for early warning system and case load 
forecasting, an important aspect for malaria elimination and prevention of 
reintroduction.  
 
6.1.3 Contributions to applications of remote sensing products in 
epidemiology 
The use of remote sensing data products for such research questions as investigating 
disease outcomes and their determinants, mapping vector-borne diseases and 
analysing associations between certain environmental factors and disease outcomes 
has been increasing over the years. Our work contributed to the quest for using remote 
sensing data in epidemiology by presenting a catalogue on remote sensing that is 
specifically addressing epidemiologists’ challenges in understating and accessing 
remote sensing information. Evidence from the ever increasing number of 
epidemiological studies that use remote sensing data suggest that this is an important 
part of epidemiology and public health in general and thus there is a need to 
harmonise synergies between remote sensing experts and epidemiologists.  
 
Our work has therefore bridged this skills gap between ecologists and epidemiologists 
by indicating areas where the two fields intersect and how they could improve and 
learn from each other by packaging remote sensing information in such a way that it is 
beneficial and understood by all those interested in it. Therefore our work presented a 
new platform for collaboration between remote sensing experts and epidemiologists 
by pointing out areas of common interests. The catalogue could be used by 
epidemiologist to decide on a criterion for selecting remotely sensed data during 
disease analysis and mapping. 
 
We further highlighted the need for epidemiologists to routinely check out for new 
remote sensing proxies instead of relying on what is readily available since remote 
sensing information is constantly evolving. We showed that other little known and 
underutilized environmental proxies that had been long derived by ecologists could 
still be used in disease mapping as some of them are improvements to the commonly 
used indices. The slow uptake in epidemiology has been merely due to lack of 
capacity to derive the proposed indices by non-remote sensing experts and not 
necessarily due to their irrelevance in disease mapping. Therefore our work 
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demonstrated their applicability to disease mapping in the same way as the indices 
that are used due to their availability and convenience. 
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6.2 Study limitations 
Identifying and mapping potential larval breeding sites is a complex exercise that 
needs to be repeated in order to ascertain if breeding occurs or not. This would 
involve repeated observation over entomologically informed larva scooping and 
sampling intervals. Our study could not have the time and the resources to conduct 
repeated sampling on identified potential breeding sites and therefore might have 
missed some of them especially due to the rains that occurred during the sampling 
period which had a potential to wash away the larva. The results from the field study 
showed that breeding occurred in very small water bodies down to the size of cattle 
hooves. Unfortunately it would be impossible to investigate such small water bodies 
given the limited time and resources. In addition, the remote sensing images used 
during analysis had a spatial resolution of at least 5 m which is still not enough for 
identification of potential breeding sites down to the size of cattle hoof. 
 
The inventory and cataloguing of remote sensing products was also limited by the fact 
that some agencies are private and not open to sharing their information with 
civilians. This lack of access made it difficult to document all satellite missions and 
the products that could be obtained, for instance, from military missions. Other 
agencies were only working on limited geographic coverage scales such as national 
jurisdiction and therefore their products were not useful for the general global interest 
and scope.  Although some of the products may appear in publications, their access 
remains limited to national or local end-users. Due to time constraints we also could 
not test all the new and old indices that were proposed by ecologists, even though 
some of them were based on the images of the first generation of sensors. We would 
have liked to test and validate some of the earlier proposed indices using the latest and 
recent satellite images which have improved resolutions. 
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6.3 Concluding remarks and extension of this work 
Our work on developing surveillance tools for very low endemic settings still needs 
further development into among others assessing methods that are suitable and can 
work when local malaria transmission is extremely low or even near non-existent such 
as in Swaziland. Studies designed to investigate cost effective methods for 
surveillance in very low endemic settings with episodic malaria cases are still needed. 
For example, when to continue rolling out or to stop rolling out anti-malaria control 
interventions such as vector control is still not clear. There are also challenges in 
keeping enough stock supply of ACTs which are likely not to be used resulting in 
their expiration and eventual wastage. Nevertheless we have provided new 
information, tools and methods for surveillance and response that could be used in 
designing strategies for malaria control and elimination in very low endemic settings. 
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